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ABSTRACT 

This thesis is ccncerned with selection standards for 
three US Navy ratings which vary in terms of their 
complexity. The relevant literature is reviewed and a 
general selection standards approach is developed. This 
approach is then applied tc subsamples of a large US Navy 
cohort of enlistees who all had the oppurtunity of serving 
for at least four years. within each rating, prediction 
equations are developed which linic various data available 
prior to the beginning of the enlistee's service with three 
criterion measures of performance. Analyses are performed 
separately for groupings within ratings by race and sex. 
Utility analysis is employed tc help determine optimum cut- 
offs on predictors. Many potentially useful predictive 
relationships are found and amongst the results is the 
finding that for some ratings, ability subtests are nega- 
tively related to criteria of performance. Other results 
are discussed and recommendations regarding implementation 
and future research are made. 



4 



TABLE OF CONTENTS 



I. INTBCDUCTION 11 

II. LITEBATURE REVIEW 15 

A. THEORETICAL LITEBATURE 15 

1. Classical Model 15 

2. Validity and Research Design 17 

3. Job Analysis 20 

4. Crizerion Selection 20 

5. Predictor Selection 23 

6. Validation 23 

7. Cross Validation 28 

B. RESULTS FECM PREVIOUS RESEARCH .29 

1. General Results 30 

2. Military Research 33 

C. SUMMARY 37 

1. Theory 37 

2. Empirical Results • . 38 

III. AIM AND PURPOSE OF THIS RESEARCH 40 

A. PURPOSE OE RESEARCH 40 

3. AIM 4 1 

C. DESIGN 41 

D. RESEARCH HYPOTHESES 42 

1. Hypothesis 1 42 

2. Hypothesis 2 42 

IV. METHOD 43 

A. NAVY EATINGS SELECTED 43 

1. Ships Serviceman (SH) 44 

2. Personnelman (PN) 45 



5 



3. Aviation Technician (AT) U5 

B. DATA BASE 45 

C. VARIABLES IN THE DATA BASE 46 

1. Criterion Variables 47 

2. Predictor Variables 48 

3. Moderator Variables 48 

4. Screening of the Variables 49 

5. Estimates of Utility 50 

D. SUBJECTS CHOSEN 5 3 

E. 3TATISTICAI PROCEDURES 56 

1. General 56 

2. Descriptive Analyses 56 

3. Predictive Analyses 57 

4. Estimation of Cut-offs 57 

V. RESULTS 60 

A. DESCRIPTIVE RESULTS 60 

1. SH Groups 60 

2. PN Groups 60 

3. AT Groups 64 

B. PREDICTIVE RESULTS . 64 

1. Length of Service Criterion 64 

2. Goodguy Criterion 67 

3. Badguy Criterion 69 

4. Validity Estimates 71 

5. Average Validities 74 

C. ESTIMATING CUT-OFFS 75 

1. LOS Criterion 78 

2. Goodguy Criterion 87 

3. Badguy Criterion 95 

VI. DISCUSSION 103 

A. RESEARCH HYPOTHESES 103 

B. OTHER FINDINGS 104 



6 



VII. SUMMi^EY AND CCNCLUSION 109 

APPENDIX A: EXAMPLE PROGRAM LISTINGS BASED ON PROCESSING 

SH Ill 

1. SAS Pregram to Select SH from NPS Cohort 

D at a Ill 

2. SAS Pregram to Perform Regressions ... Ill 

3. FORTRAN Program used to Estimate Cut-offs 

on Predictors 112 

APPENDIX E: STEPWISE REGRESSION RESULTS FOR RATINGS . 128 

LIST Or REFERENCES 137 

INITIAL DISTRIBUTION LIST 140 



7 



LIST OF TABLES 



I. Classical Model of Selection 16 

II. Total Expected Otility for a Predictor Cut-off 

Value 26 

III. Percentage of SHs scoring below designated AFQT 

Seers 36 

IV. Relative Utilities by Rating 52 

V. Relative Goodguy Utilities by Rating 52 

VI. Relative Badguy Utilities by Hating 53 

VII. Possibilities for Selecting Subjects within a 

Rating 54 

VIII. Rating Selectees by Rating, Race and Sex 56 

IX. Criterion and Predictor Values for SH Men .... 61 

X. Criterion and Predictor Values for PN Groups ... 62 

XI. Criterion and Predictor Values for AT Groups ... 63 

XII. Stepwise Regression for SH on LOS 65 

XIII. Stepwise Regression fer PN on LOS 66 

XIV. Siepwise Regression for AT on LOS 66 

XV. Stepwise Regression for SH on Goodguy 67 

XVI. Stepwise Regression for PN on Goodguy 63 

XVII. Stepwise Regression for AT on Goodguy 69 

XVIII. Stepwise Regression for SH on Badguy 69 

XIX. Stepwise Regression for PN on Badguy 70 

XX. Stepwise Regression for AT on Badguy 71 

XXI. Length of Service Validities by Rating and Saoiple 72 

XXII. Geedpuy Validities by Rating and Sample 73 

XXIII. Badguy Validities by Rating and Sample 73 

XXIV. Average Validities by Group and Criterion .... 74 

XXV. Validities for Males by Rating and Criterion ... 75 



8 



XXVI. 
XXVII . 
XXVIII 

XXIX. 

XXX. 

XXXI. 
XXXII . 



List ing 
Prcgram 
Program 
Prcgram 
All SH 
All 

All AT Stepwise Regression 



Program for Cut-offs 125 

Results 129 

Results 131 

Results 13 4 



of SAS Set-Up Program: Cohort to File 
Listing of Stepwise Regression for SH 
Listing to Output & Cross Validate . . . 
Listing of FORTRAN 
Stepwise Regression 
FN Stepwise Regression 



113 

119 

122 



9 



LIST OF FIGURES 



5.1 Race Blind Selection for SH on LOS 76 

5.2 Race Specific Selection for SH on LOS 80 

5.3 Face Blind Selection for PN on LOS 8 1 

5.4 Race Specific Selection for PN on LOS 82 

5.5 Race Blind Selection for AT on LOS 84 

5.6 Race Specific Selection for AT on LOS 85 

5.7 Eating Selection fcr PN & AT Women on LOS ... 86 

5.8 Race Blind Selecricn for SH on Goodguy 88 

5.9 Race Specific Selection for SH on Goodguy ... 89 

5.10 Race Blind Selection for ?N on Goodguy 90 

5.11 Race Specific Selection for PN on Goodguy ... 91 

5.12 Race Blind Selection for AT on Goodguy 92 

5.13 Race Specific Selection for AT on Goodguy ... 93 

5.14 Rating Selection fcr PN 8 AT Women on Goodguy . 94 

5.15 Face Blind Selection for SH on Badguy 96 

5.16 Race Specific Selection for SH on Badguy .... 97 

5.17 Race Blind Selection for PN on Badguy 98 

5.18 Race Specific Selection for PN on Badguy .... 99 

5.19 Race Blind Selection for AT on Badguy .... 100 

5.20 Race Specific Selection for AT on Badguy ... 101 

5.21 Bating Selection for PN 8 AT Women on Badguy . 102 



10 



I. INTRODUCTION 



The Armed Forces in many countries have been ardent 
users of the psychological techniques of selection and 
classification. The Forces' involvement with these proced- 
ures has been fcr such a considerable period of time that, 
in fact, it could be argued that the development and refine- 
ment cf these techniques has been greatly enhanced by the 
manpower demands of the military. In war, and in preparation 
for war (i.e. mobilization), the military required techni- 
ques which allowed the assesssment of the training capabili- 
ties of prospective civilians for their rapid transition 
from civilian to uniformed status. It was inefficient to 
have every potential enlistee embarJc on a course of training 
when psychometric tests could be used to exclude those 
individuals with the lowest chances of success. Since the 
Second World War, the peace time forces, largely through the 
develcpient cf more complex weapons systems, have come ro 
demand much more specialized manpower skills. The Forces' 
requirement for selection and classification, therefore, has 
not only involved making military personnel out of civilians 
(i.a. selection), but also dealt with the correct placement 
of enlistees by military occupation (i-e. class! f icat ion) . 
Both the size and the diversity of the Armed Forces' 
manpower requirements have make it a very fertile testing 
ground fcr the application of these psychological proced- 
ures. 

The present thesis is concerned with the refinement of 
selection standards fcr three employment categories 
(ratings) in the United States Navy. The three ratings have 
been chosen on the basis of the complexity of the tasks in 
the ratings. In increasing order of complexity they are: 



Ship's Serviceman, Personne Iman and Aviacion Technician. All 
three ratings have currently applied test score entry stand- 
ards based on the Armed Services Vocational Aptitude Battery 
(AS7AB) . The aim is to examine the possibility of imprcving 
the selection criteria fcr each rating, raking into account 
rating specific utilities of correct and incorrect selection 
decisions. At the same time, the selection standards across 
jobs will be compared, such an inter- job analysis will 
illustrate the relationship, if any, that job complexity has 
with the selection standards. This latter analysis will be 
qualitative (what kinds of predictors are more suited to 
what type of job) and quantitative (how does the level or 
accuracy of selection vary with job complexity) . 

Selection standards research for the US Navy is 
important fcr a large number of reasons. From rhe point of 
view of manpower planning, better selecrion srandards may 
mean smaller training attrition, better job performance, 
longer careers and more rapid promotion. These outcomes have 
the effect of lifting the burden of maintaining the Navy's 
end strength from new enlistments by having greater numbers 
in the career force. This has even more significance with 
the projected decline in the services' traditional manpower 
pool over the next decade, particularly in that when 
manpower resources are scarcer, the disutility of rejecting 
potentially successful applicants is much greater than it is 
in the current recruiting climate. In a broader con-^ext, 
current government regulation explicitly forbids selecrion 
practices which may have adverse impacts on minority or 
other groups in the community (Uniform Guidelines on 
Employee Selection Procedures, 1978) without first investi- 
gating the use of "alternative selection procedures that are 
equally valid, but that produce less adverse impact" (Reilly 
and Chao, 1982). It is encumbent upon all employers, 
including the US Navy, first to determine rhe validity of 
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their current procedures and then to examine zhe possibility 
of using alternative methods which may either improve on 
these standards or are equally valid standards which have 
less adverse impact. Thus there is a strong extrinsically 
initiated incentive for an organization to be interested in, 
and to be able to measure the validity of, its own selection 
procedures. 

There is a wealth of research on selection standards 
both in the US Navy and in many other emplcyuent settings. 
Given the aim of locking at selection, in relation to the 
complexity cf the jcb and the validity of the procedures, 
the next chapter is devoted to literature surveys. The 
first section deals with the theoretical aspects of 
selection research, while the second is a review of the 
findings cf previous research regarding those factors which 
seem most predictive cf jcb success, in general, and for the 
services in particular. 

The third chapter brings the information of the previous 
one together so as to make a clear statement cf the purpose, 
aim, design and expected outcome of the research. 

Chapter four deals with the method. First, the subject 
ratings are described. This includes a description cf each 
rating, the standards currently applied and an examination 
of the paths through which individuals enter the ratings. 
It will include the complexity grading cf each rating. Next 
comes a description of the data base for this research: 
where it ccmes from, what is included and an assessment of 
the quality of the data. In the next section, the personnel 
are described. This is followed by a section which ccncerns 
the critericn measures and predictors: What are they?, and. 

How they are measured? Another section describes the esti- 
mates of the utility of correct predictions and the disutil- 
ities associated with misclassif ications. Next, the 
cross-validation procedures used for the estimation of the 
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Finally, 



the statis- 



valiiity ccefficiect are described, 
tical techniques are discussed. 

Chapter five concerns results. The first section deals 
with descriptive statistics for each of the three ratings, 
which includes age distributions, racial and sex mixes as 
well as prior education levels. The next section concerns 
the results from using regression techniques. The final 
section presents results in which the direct effects of 
selecticr cut-offs are examined with respect to maximising 
total expected return for the selected procedure. 

Chapter six is for the discussion of the results. It is 
divided intc two sections: expected outcomes and other find- 
ings. Particular attention is paid to across rating compar- 
isons. 

Chapter seven provides a summary and a statement of the 
conclusions and recommendations. 
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II. LITEBATURS REVIEW 



The purpose of this chapter is to review some of the 
literature relevant to selection standards research. The 
first secticn deals with a general overview of the technical 
and psychological aspects: How should selection standards 

be established? What is the concept of validity and how ices 
it apply? What types of experimental design are possible and 
appropriate in this type of research? Then, in more detail 
specific theoretical issues are addressed. These are job 
analysis, criterion selection, predictor selection, valida- 
tion and cross validation. The second secticn reviews 
research conducted specifically in selection and/or attri- 
tion. These questions are addressed; What variables have 
been found to be predictive of success in the work environ- 
ment? Specifically, what variables are associated with 
success in a service environment? And finally, what factors 
predict success in a Navy environment? The final section 
provides a summary of the theory of, and the previous 
research in, selection. 

A. THEORETICAL LITEEATORE 
1 . Classic al Mo del 

a classical model for establishing selection stand- 
ards is suggested by Drenth (1971) . Like most classical 
approaches it is probably never rigidly applied, however 
Drenth' s suggestion gives a good description of the steps 
involved and is a useful starting point for this section. 
These steps are summarised in Table I. 
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TABLE I 

Classical Model of Selection 






step 

Step 

Step 

Step 

step 

Step 



1 . 

2 . 

3. 

U. 

5. 

6 . 
7. 



So urce : Drenth,P 



L 



Job Analysis 

Choice or a Criterion 

Try-out Series of Tests 

Testing of Experimental Group 

Validation of Tests 

Cross Validation 

Tests in Final Form 



'•Theory and Methods 
of Selection", 1971. 



The first task is a job analysis in order that the 
psychological requirements of the job can be understood. In 
this step it is necessary tc convert the description of the 
job into specific factors or variables which are defined 
and, hopefully, are measurable. The second task, is tc deter- 
mine the criterion which is the operational means of 
measuring an employee’s job performance. A knowledge of the 
criterion value should permit a ready differentiation of the 
good performers from the poorer ones. Ideally, i^ will be a 
metric or ordinal scale which will indicate ranges or grades 
of performance. In the third stag, the job analysis is used 
to make an 'educated' guess as to what kinds of tests or 
other factors are important for predicting success in the 
job for which the standards are designed. The preceding 
steps are necessary precursors to the next group which deal 
with the empirical portion of the process. The fourth step 
consists of the try-cut (or pilot) tests which are adminis- 
tered tc a representative sample of the population for which 
the standards are tc be developed. Scores or results are 
recorded and retained while the employees are given a period 
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of tiire tc perform on-the-job. In step five, these subjects 
are measured on the performance criteria developed in step 
two, and the results are correlated with the test scores 
gathered in the previous step. From this analysis the merit 
of each test is determined leading to the a choice of tests 
most useful for selection and their appropriate cut off 
scores. Step six is critical: the cross validation of the 

selection standards for new group of subjects. In this step 
the same procedure as applied in steps three to five is 
repeated using the chosen selection tests. Step seven is 
largely administrative. The selection tests are set up in a 
standard form. For small organisations this step may not be 
essential, but for larger ones the standardization of the 
tests is highly desirable, especially where there may be 
several different testing stations. 

The Drenth classical model is a very simplistic 
scheme of the procedure for establishing selection stand- 
ards. For one thing, it appears to assume that the organiza- 
tion has no selection procedures in existence, simply 
allowing individuals to drift into occupations. While it may 
not be strictly formalised, the organization probably has a 
good notion of what is required in the job and applies this 
information as a screening device. Despite these limita- 
tions, tt= model alludes to some very important issues which 
are discussed in the subsequent paragraphs. 

2 . V al idity and Sssearch De sig n 

Validity is a very important issue. In the simple 
case above, it is described as some means of comparing the 
selection test results with subsequent performance in order 
to validate selection standards. Validity answers the ques- 
tion: do these test scores tell us a sufficient amount about 
the individuals* subsequent performance so that, based only 
on a knowledge of their selection test results, one is able 
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to choose the better performers. Statistically, it is 
usually repesented by a correlation coefficient which 
expresses the degree of association between the selection 
test scores and the measure of subsequent performance. 

Two main types of research designs have been defined 
with respect to selection validation. These are predictive 
and concurrent validity (see Tiffin and McCormack, 1970). 

Predictive validity is that implied in the model above: 
selection tests are given to a group of applicants and then 
at some later date, criterion measures of performance are 
made. The test scores and criterion measures are then 
compared. For concurrent validity design, the tests scores 
and criterion measures are gathered virtually at the same 
time. For both types, the tests, or a subset of the tests, 
are considered valid, if the correlations are large enough. 
Until recently, the predictive validity design was consid- 
ered far superior than concurrent validity approach (Drenth, 
1971). However Barrett ^ al (1981) persuasively argue that 
the evidence does not support this position. They suggest 
that a large number of independent studies, including a 
recent meta analysis cf 537 separata studies, have indicated 
virtually no difference between the magnitude of the validi- 
ties found fcr concurrent and predictive designs. They also 
cite one researcher who specifically compared the two 
designs in a national validation of selection procedures for 
male transit bus drivers and found that the validity 
coefficients were comparable. These arguments are 
convincing but what are the significant differences between 
the two validation designs? 

Guicn and Cranny (1982) suggest that the key differ- 
ence is that for predictive designs there is a lapse of time 
between test and criterion measurement whereas in concurrent 
designs the measurements are made simultaneously. However, 
there is a second fundamental difference between the two: 
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predictive designs invariably test groups cf applicants, 
rather than employees, as rested in concurrent designs. 
There are soma problems for concurrent designs in relation 
to the restriction of range of tests scores. The employees 
who are the subject cf concurrent designs have been prese- 
lected contributing tc a narrowing of the range of data. As 
is noted by Hammer and Landau (1981, p. 576), range restric- 
tion shrieks the feasible range of the correlation coeffic- 
ient; that is, its feasible maximum value becomes less than 
one. Predictive designs are not completely free frem corre- 
lation problems, since there is a time difference between 
tasts and criteria. Scores on the latter may well be due tc 
factors ether than those implied by the tests scores. 
Intervening variables (e.g. training factors, motivational 
changes) could also inhibit criterion parf erma nces. 
Additionally, attriticn may reduce the size of the group so 
that there are fewer individuals available for criterion 
measurement than were crginially tested. It can be seen that 
both concurrent and predictive designs are susceptible to 
shrinkage cf validity coefficients. 

While it seems only logical for an organization, 
particularly a large one, to have valid selection preesd- 
ures, government regulation has a significant impact on 
these procedures requiring employers to have selection 
systems which have been tested through a general validity 
model. Hsu (1982) points out that the Uniform Guidlines on 
Employee Selection Procedures (1978) specify "that a neces- 
sary condition for use of a selection procedure, when that 
procedure produces adverse impacts on the hiring rates of 
certain minority groups, is that this procedure be demons- 
trated valid" (Hsu 1982 , p. 509) , but that this is not a 
sufficient condition for its use. Hsu explains that for an 
organisation to use any existing selection procedure that 
produces adverse mincrity impacts, it must have higher 
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validity than alternatives which have no adverse iaipacts. 
Many civil actions have been won during the last decade by 
employees (see Rowland ^ 1980, pp. 64-85) against 

employers who have had selection systems for which the 
validity has been unknown or inadequately established. So 
there is a considerable amount of external pressure for the 
organization to, first, know what the validity of its 

procedure is, and to, second, establish, in the case that 
there are adverse impacts, that there is no alternative 
system which is equally valid that will produce a less 
adverse impact. 

Given this general overview of the technical litera- 
ture, it is now possible to deal in more detail with other 
issues. 

3 • Job Ana lys is 

It is probably a fairly safe assumption that very 
few attempts at introducing selection standards begin with a 
thorough job analysis (such as is described in Dunnette, 
1976, Chapter 15). This is so for a variety of reasons, not 
the least of which is that it is very time consuming and 
requires a considerable amount of effort with, at best, very 
little by way of quickly identifiable return for these 
labours. A job analysis is not part of this research, but 
Chapter IV includes a brief job description of the three 
Navy ratings involved, in order to put them into an appro- 
priate context. Presumably thorough job analyses have been 
done for these ratings and used for the development of the 
selection procedures. 

4 . Cri ter i on Se lection 

Dunnette *s book ('‘The Handbook of Industrial and 
Organizational Psychology'’, 1976) has two excellent chapters 
on the selection of an appropriate criterion, which is the 
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on a single criterion which aet all the requirements 
mentioned above (Guicn, 1976, p. 783), but the weight of 
recent cpinicn is towards multiple criteria (Smith, 1976, p. 
747) . The first argument in favour of the multiple criteria 
solution is on logical grounds: the various possible 

criteria are all different ways of measuring the same 
unitary concept and using more than one measure gives a 
tetter estimate of this concept’s true value. It could be 
that two individuals with equivalent total performances 
could achieve these results through quite different behav- 
iour patterns. The ether arguement for multiple criteria is 
empirical: "an overwhelming majority of studies involving 

statistical analyses of sets of criterion measures finds 
that these analyses rarely yield a single general 
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fact or. .. sever al criterior. measures are necessary tc account 
for the variance in a criterion correlarion matrix" (Smith, 
1976, p. 748) , The choice cf criteria and how to combine 
them are difficult processes and must all too often be based 
on convenience rather than their relevance to long term 
effectiveness. 

Several recent studies have proposed the use of 
utility concepts in performance measurement which could be 
used as a criterion (landy, Farr and Jacobs, 1982; Schmidt 
and Hunter, 1981). Utility concepts include such things as 
the number cf successful employees hired, increases in the 
average level of performance, and the amount of savings in 
dollars and cents, as a means of evaluating the effects of 
various selection strategies. Most recent applications of 
utility concepts deal with the value to the organisation of 
the hired individual which was derived by estimating the 
average value and the standard deviation cf performance 
expressed in dollars. These criteria as they stand are 
inappropriate for the present study, but the application of 
utility analysis is discussed below in relation to the 
determination of optimum cutting scores on predictors. 

In addition. Smith ( 1976) suggests several other 
variables which have been found useful as providing "hard" 
and "soft" criterion measures. Under tne hard category are 
tardiness, absences, accidents, tenure or turnover, sales, 
production, job level and promotions. Even these may contain 
some soft elements largely due to the effects cf human 
judgements. The soft criteria are those which involve the 
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5 . Predictor Sel ectio n 

In trying zo select tests which may serve as pred- 
ictors, Guicn (1976) suggests three criteria: 

a. complex behaviour (i. e. the criterion) cannot be fully 
predicted by simple means, thus a single predictor is 
usually inappropriate; 

b. complex performance is a function of the individual, 
but only to a certain extent, therefore in thinking of 
predictors, it is pertinent to go beyond individual 
traits and include situational and demographic varia- 
bles as sources of potential predictors; and 

c. complex behavior is not likely to be optimally pred- 
icted in precisely the same way for all people, while 
it is not feasible tc have prediction equations for 
each individual, it may be possnble to develop 
different equations for logically different subgroups. 

He alsc suggests many publications to consult (e.g. 
Ghiselli, 1S66) which provide a summary of predictive valid- 
ities for various job categories, by type of predictor and 
by type cf criterion. They are, he suggests, a good starting 
point . 

6 • Validat icn 

To this point the concept of validity has been 
described as a correlation coefficient which expresses the 
relationship between predictor and criterion measures. 
However, this concept can be extended. As noted by Campbell 
(1976), the correlation coefficient approach to validity 
implies : 

a. ” there is one normally distributed criterion or 
criterion composite; 
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b. there is one normally distributed predictor cr pred- 
ictor composire; (and) 

c. the relationship between them is linear and homcsce- 

dastic." (p. 205) 

These are stringent conditions and are often violated. He 
further challenges the practical use of a validity coeffic- 
ient: hew are decision makers to use say, the value of .55, 

in determining which of a group of applicants should be 
selected? The coefficient says little about how to produce 
the desired outcome. Provided the above three conditions 
are met, the validity coefficient is useful for determining 
which of a group cf predictors is more appropriate for 
selection but Campbell describes what he calls "decision 
centered" validity as a more useful approach. 

With a decision orientation, selection research is 
viewed an attempt to predict discrete outcomes cn a 
criterion which is categorical in nature. The categories to 
be predicted are made up of those who succeed against those 
who fail. The task for the predictor then is to establish a 
"cutting" score which maximises the proportion cf correct 
predictions. But how is t h<= proportion of correct predict- 
ions to be defined? In the equations below, the figures A, 
B, C, and D all refer to the numbers of perscnnel by 
predictor/ criterion outcome. A is the number who are pred- 
icted to pass the criterion and who do, in fact, pass. 3 is 
the number who are correctly predicted to fail the 
criterion. C is the number who are predicted to pass but who 
subsequently fail the criterion. Finally, d is the number 
who are predicted to fail but who would have passed. Using 
these figures, two examples cf how the proportion of correct 
classifications may be defined are as follows- One method. 
Equation 2.1, is to take the proportion of correct class- 
ifications over the total number to classify. Another 
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apprcachr Equation 2 . 2 , takes as the statistic the number of 
successes over the total number who pass. There could be 
o~her possible definitions. However for both equations, rhe 
idea is to select a "cutting” score on the predictor which 
maximizes the value cf the expression. What is forgotten in 
bcth these definitions is that each embodies a value judge- 
ment in the way the statistic is defined. Equation 2. 1 



CP = <A + E) / ( A + E + C + D) 



(eqn 2.1) 



CP = (A)/ (A + C) 



(eqn 2.2) 



applies an equal weight to both correct prediction outcomes, 
and does not distinguish between the two types cf error 
(categories C and D in the equations) in terms of their 
(negative) value to the organisation. Equation 2.2 ignores 
completely the outcomes for individuals who are not in the 
predicted success group, in effect assigning a value cf zero 
to each cf these outcomes. The question arises then as to 
what values should be assigned to each outcome for the four 
possibilities, given in the equations, to derive an appro- 
priate cutting score? 

The answer lies in the application of the concept of 
utility which was referred to briefly above. As described by 
Campbell (1976) , utilities are estimated for each outcome in 
Equations 2.1 and 2.2. For simplicity in the following 



discussion, the terms pass and fail refer to criterion 
results whereas positive and negative refer to predictor 
score results. Thus, outcome A is a pass/positive outcome: 
these members are correctly predicted to pass on the 
criterion. An example of the application of utilities and 
how they are maximised by varying the cutting sccre is given 
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TABLE II 

Total Expected Otility for a Predictor Cut-off Value 



A. Fixsd relative utilities for each outcome 
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Tcra l e x pec t ed utili ty for th i s cut-of f = 2.30 



in Table II (this example is very similar to that given by 
Campbell, 1976, p. 212). As can be seen from Table II, part 
A, the pass/positive outcome is given a value of 10 units of 
utility which is the same value as rhe fail/negative 
outcome. This implies that it is as valuable ro the crgani- 
saticn to predict a success as it is to correctly predict a 
failure. The negative signs in the other two cells suggest 
that each outcome is a disutility tc the organisation. 
Further, it is clear that the relative values in these cells 
indicate that the disutility of incorrectly identifying a 
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failure, is far greater than incorrectly identifying an 
individual who would have been successful. In fact the 
former disutility is six times as great and it is not diffi- 
cult to see why this would be so. Allowing a future failing 
individual in to the organisation is much more expensive 
because cf the larger amount of investment which is lost 
(e.g. training expenses, salary) compared with the rela- 
tively small investment lost on the rejected applicant who 
would have heen a success. The question remains however as 
to hew tc use these utilities in the deriving selection 
cut-offs. 



To sea how the utiliry values are used for derer- 
mining rhe effectiveness of a selection procedure, in is 
necessary tc examine all three parts of Table II. Part 3 
shows the proportion of the sample residing in each cell 
based upon a cut-off score on the predictor. It forecasts 
that 38% of the applicants will be successful. Treating 
these cell entries as a probability of belonging to that 
cell, it is now possible to calculate the expected utility 
for each cell by multiplying the probability by the corres- 
ponding utility. The result is shown in part C of the table. 
For a cutting point cf 38% predicted successes, ohe total 
expected utility is simply the sum of each of these cells: 
2.8 is the expected utility for this particular cutting 
score. Using this same procedure the next possible cut-off 
score on the predictor can be evaluated. Clearly, this 
cut-off will most probably produce different proportions of 
cases in each cell, which will in turn change the value of 
the total expected utility. Continuing this process for all 
possible cut-offs produces a total expected utility for each 
cut-off level. The cut-off which should be chosen is the 
one that laximises the expected utility. Of course if all 
cut-off levels result in negative expected total utility, 
then the selection device is of no use to the organisation 
and it should not be used. 



27 



within tha OS Navy setting, it is possible to make 
estimations of the various utilities associated with each of 
the four possible predictor /criterion outcomes through cost 
and productivity analyses by rating. Utilities for three of 
the four possible outcomes appear to ba relativaly straight- 

■V 

forward, provided some simplifying assumptions are made. 
These three (associated with A, B and C in the equations) 
may be estimated from the Billet Cost Model (Assessment 
Group, 1S83). However, the disutility of the other cell, 
misclassi f ied pass (C in the aquations) is more difficult. 
For the defense force the disutility of this outcome is very 
much a function of the recruiting market. During lean 
recruiting timas, when quotas are hard to fill, to reject a 
potentially successful candidate has greater disutiltiy than 
it would in the current recruiting climate. The utilities 
associated with the ether three cells should be impervious 
to such fluctuations. The actual derivation of utilities is 
discussed in the Method chapter. 

7 • C ross V ali dat ion 

Depending on the statistical technique employed, the 
results cf selection standards research will be effected by 
certain characteristics specific to the sample used in the 
study (Weiss, 1976, p. 332). This means that the results 
will reflect not only the true relationships between the 
criterion and predictor variables, but they will also 
reflect relationships which are unique to that particular 
sample, and this uniqueness may not be generalised tc the 
population. To avoid these problems selection results are 
usually cross-v ali dated. 

It is not necessary to cross-validate in the same 
manner which was described for the classical selection 
model. This would involve the complete replication of the 
original research on a new group of subjects. More efficient 
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and less costly methods are available. Campbell (1976, p. 
214) describes what he calls the 'double crcss-valiia+icn’ 
design. Here the sample is randomly split into ~wo equally 
sized subsamples. The statistical techniques are applied 
independently to each subsample to derive the decision rules 
for the final version of the seleczion device. The decision 
rules for subsample 1 are applied to subsample 2 and the 
validity estimated. The decision rules for subsample 2 are 
applied tc subsanpls 1 and another coefficient is calcu- 
lated. The average of these two coefficients gives the 
validity for the procedures. Ideally, of course, rhe deci- 
sion rules for each subsample will be essentially the same. 
Marked deviation between subsamples indicates that either 
cne cr bcth results are sample specific and therefore they 
would be suspect. 

The double cross-validation design could apply 
equally well to the utility method for estimating the 
optimal cut-cff values. Cut-offs could be determined on 
predictors for one group and then compared with the cutoffs 
derived from these same predictors on the other subsample. 

B. RZSDLIS FROM PREVIOUS RESEARCH 

As was indicated earlier, there is a great deal of 
research literature cn perscnnel selection within organisat- 
ions. This includes studies fcr almost every conceiveable 
employment type both across the community and, within and 
by, the services. The purpose of this section is to include 
sufficient of the previous research so as to get a basis for 
formulating research hypotheses in the next chapter. It is 
neither intended nor claimed that what follows is an all 
inclusive review of personnel selection research. 
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1 • G enera l Results 

The history of mental testing is 
that of personnel selection in organisations. During the 
1950 ’s and 1960 's, many organisations adopted the IQ as a 
standard measurement for use in selection and placement in 
virtually any employment setting. But the whole area of 
human ability testing, including the concept of IQ, came 
under fire in the late 196 0*s. The civil rights movement 
had a let to do with this, as articles and monographs (e.g. 
Jensen, 1S73) indicated that there were significant minority 
score differences on these tests. Further, there were 
claims that minority groups were disadvantaged, through test 
bias, by organisations which employed psychological tests in 
their selection procedures. In a recent article Carroll and 
Horn (1981) sought to make a distinction between the science 
and the application of human ability measurement. They 
claimed that the science of human abilities was in a '*hase 
of confusion (as evidenced) when ideas about human abilities 
are regarded as equivalent to ideas about IQ measurements 
(and) that valid criticism of particular applications of 
measurements are not, in general, criticisms of the science 
of ability measurement” (page 103). They argue that there 
is no particular fault with the scientific aspects of human 
ability measurement, claiming that 80% of the variance of 
ability differences is accountable in test measurement, and 
suggesting that the application of these tests has caused 
the difficulty. 

Schmidt and Hunter (1981) also discuss this issue, 
but in a more applied sense. They have derived, over the 
last five years or sc, a procedure for evaluating the signi- 
ficance of individual validity studies, in which they say it 
is sometimes difficult to detect the presence or effect of 
sampling bias. Specifically, they directly address many of 
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the criticisms cf mental testing put forward in the last 
decade. These include the notions of low utility (selection 
procedures have little direct bearing on organisational 
productivity), test unfairness (selection procedures are 
biassed against minorities) and test invalidity (selection 
test validities may be situation or job specific and not 
truely general). Numerous recent studies are referenced in 
support cf the idea that selection procedures do not have 
low utility. This leads to the conclusion that the potential 
effects of employment testing on productivity have been 
undarestiirated . The authors deal with test unfairness by 
suggesting that the factors causing low test scores also 
produce poorer job performance, for both majority and 
minority groups. They conclude that employment tests dc not 
cause adverse impacts against minorities and they seem to 
support Jensen ('!980), who demonstrated that when minorities 
are selected, on procedures developed on white samples th“ 
minority group is favoured (see Jensen, 1980, p. 515). The 
third issue cf test invalidity is similarly argued with the 
presentation of many studies which support the notion that 
tests are valid for employment prediction. One relevant 
study shewed that when jobs were grouped according ”to 
complexity of information-processing requirements, the 
validities cf a composite of verbal and quantitative abili- 
ties for predicting on-the-job performance varied from .56 
for the highest level job to .23 for the lowest” (page 
1133) . This is an interesting finding considering the 
emphasis in this thesis on selection for various complexity 
levels. It suggests, first, that cognitive ability should 
be valid for predicting job performance and, second, that 
the validity should increase with job complexity. Smith and 
Hunter reach three conclusions: 

a. professionally developed ability tests are valid 
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predictors of performance both on-the-job and in 
training for all jobs; 

b. ability tests are fair to mincriry groups as they do 
net underestimate the expected job per formar.ee of 
minorities; and 

c. ability tests used in selection can effect huge labour 
and cost savings in an organisation. 

In contrast to Schmidt and Hunter’s paper, which 
makes a frontal attack on the critics of ability testing, 
Eeilly and Chao (198 2) examine the validity and fairness of 
some alternative selection procedures as is required by 
government regulation where there are adverse minority 
effects. Cf the eight alternatives, two are relevant for 
the present study. These are bicgrahical data and academic 
performance measures. Biographical data is that type of 
information usually given by an application for a job, and 
includes such things as age, number of years schooling, 
marital status and number of dependents. These data have 
been successfully used in predictive cross-valida ted 
studies, returning validities net as large as for ability 
tests, but sufficiently close to suggest they could be a 
feasible alternative. Academic performance measures, such 
as grade point averages and course results, have not fared 
so well. Validities based on performance criteria for these 
items have been either insignificant or extremely low. They 
are not recommended as an alternative. 

In sum, therefore, it is clear that mental ability 
tests are relatively valid predictors cf job performance in 
virtually all settings, and that biographical data are also 
useful and valid as predictors. Higher validities have been 
found for more complex jobs when compared with jobs cf low 
complexity. 
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• M ilita ry Res e arc h 

fts was indicated in the intr oducr ion , rhe (lilitary 
has been a very fertile ground for research in, and the 
applicaricn of, selection standards xechnology. Alraosr 150 
studies on the US military were recently reviewed by 
Vineberg and Joyner (1982) . These occured between 1952 and 
1980 and were selected because they were job performance 
prediction studies. The authors* paper dealr with criterion 
and predictor variables and the usual technical measure of 
validity (i.e. the ccrrelaticn coefficient) associated with 
different combinations of these variables. This extensive 
survey article is discussed in the next few paragraphs. 

Vineberg and Joyner categorise the criterion varia- 
bles used in military studies into three types: proficiency, 
job performance and suitability. Proficiency variables are 
objective type measures of either job knowledge, task and/or 
task element performance. Job performance is expressed as 
either global ratings, job element ratings (both of which 
are subject to the rating scale errors referred to above) , 
producfivity (applied only to Army recruiters) and the grade 
or skill level obtained. The suitability criteria are made 
up of such things as length of service, completion of 
enlistment term, misccnduct measures and rscommer.dat ions for 
re-enlistment. Within and across these subdivisions the 
best median validities obtained were for job knowledge 
(.40), task performance (.3 1), suitability (.24) and global 
rating (.15) from a total of 350 validity cceffients. Eased 
on these values, the authors conclude that the task perfor- 
mance and suitability validities are high enough to suggest 
they would be useful in selecting military personnel. 

Many different types of predictors have been used as 
the independent variables in selection research. The mcst 
popular is aptitude (e.g. mental tests), followed closely by 
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biographic and demographic variables. In mos-c aptitude 
studies at least one ether type of predictor was used. Age 
and education level (expressed as number of years schooling) 
were the most frequently used biographical variables. When 
predicting suitability criteria, the variables age, mental 
ability and education have consistently been found tc be 
significant. The median validities are: education (.36), 

mental ability (.24) and age (.21). When all three of these 
variables are taken into account simultaneously, then valid- 
ities have ranged from .24 to .39. Some evidence is 

presented which suggests that when some early military 
experiences are taken into account (e.g. ratings at recruit 
training), then the validities for prediction range from the 
.40s to the .60s. 

While the authors conclude that the research 
suggests the usefulness of these predictors to forecast 
performances on these criteria, they make two relevant 
points about the relationship of the variables and how the 
validities may be improved upon (page 22) . The first point 
is similar to one made earlier in this paper: there are 

likely tc be many important differences within and across 
jobs, and these need to be taken into account when theor- 
ising about what kinds of relationships exist. Jobs may 
differ in terms of job difficulty, the level of effective 
ceiling of performance and how many of the encumbents reach 
this level cf performance. These kinds of factors effect 
what the criterion measure should be and how it should be 
measured. The present study hopes to address specifically 
the issue of job complexity. 

The second point is that predictor and criterion 
relationships are not likely to be static over time. With 
experience cn-the-job, these predictors which were useful 
for predicting "early" criteria of performance tend to "wash 
out". It may be that as training and experience tend to 
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make the differences in technical proficiency smaller and 
less significant, then predictors are less able to discrimi- 
nate between the performances. These poinrs tend to empa- 
sise the notion that the expected relationships between 
predictors and criteria might not be found in a sample, but 
also that there are probably many alternative explanations 
for insignificant results. 

Studies of predicting military performance have been 
done in ether ccuntries, with similar kinds cf results. 
Some of the more recent ones are summarised by Johnson 
(1982). An earlier paper, quits relevant to the present 
study, was done by O’Gorman (1972). He studied regular 
entrants to the Australian Army and found that a total of 
ten pre-enlistment variables combined in linear mul*iple 
regression were useful in predicting an effectiveness 
measure cf performance. The criterion consisted of 
assigning the value "1” to those who did not complete their 
service fer reasons ether than death or illness, "2" tc 
those who completed three years without promotion, and ”3" 
to those who completed three years and who were promoted to 
corporal or higher. The significant predictor variables 
included age, marital status, aptitude scores (general 
ability and clerical ability) , results on a psychiatric 
inventory, birth order and prior service. 

More specifically for the current thesis, there has 
been some recent pilot research (Lurie 1981) about deter- 
mining selection standards for the Ships Serviceman ra*ing- 
In this study Lurie attempted to relate pre-entry variables 
tc an improved criterion of Navy success; rather than the 
survivability of recruits during their first term he 
attempted tc employ a job performance criterion to determine 
selection standards. Kis errterron was a combined advance- 
ment and sur viva lability measure, the object being tc 
predict this variable given AFQT score, age, number of 



35 






TABLE III 

Percentage of SHs scoring below designated AFQT Score 
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50 
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Sou rce : Lurie, P.E. ‘‘Relating Enlisxment Standards 
~ ~ to Job Performance; A Pilot Srudy 

for Two Navy Ratings" 

CNA No. 81-0048 of 15 Jan 1931. 



primary dependents and years of education for a cohcr- group 
of enlistees. His study used a cohort which joined the Navy 
in 1973, and records of their service were available up 
until 1S77, allowing for advancement no 55. Regression 
models were used in calculating the relationships between 
the variables which allowed for the construction of "service 
status" probabilities. These probabilities show for various 
amounts cf time in service the likelihood that the sailor 
will be either advanced/demot ed to a particular rank, or 
discharged from the service. Without controlling for educa- 
tion, Lurie's data (see Table III) show an expected rela- 
tionship between grade and AFQT. While the numbers are a 
little confusing, it is clear that as rank increases then 
the proportion of low AFQT scores declines. However, what 
is net cbvicus from Table III is the combined effect of high 
school graduation and AFQT. Lurie found that high school 
graduate enlistees with higher AFQT scores, have a better 
chance of advancement to E3 and E4 , while the lower AFQT 
scorers have a higher rate of attrition. For non-high school 
graduates, the probabilities indicate that recruits with 
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lower AFC I scores ou tperform t hose w ith t he hig her 
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This rather striking result cannor be attributed to differ- 
ential attrition rates as these are virtually identical for 
both low ard high AFCT scorers. Non-high school graduate 

recruits with lo wer A FOTs adva nce m ore qui ckly t o E4 a nd B5 

than do high scorers. On the other hand, high sco rer s hav e 
a mu ch high er cha nc e of b ei n g reduced in rank than the low 
scorers. Lurie suggests that perhaps non-high school gradu- 
ates with high AFQTs are dissatisfied with their placement 
as SHs believing they should be better employed. However no 
data is presented to support this notion. His overall 
conclusion is that it appears feasible to set enlistment 
standards for this rating based upon performance criteria. 
Unfortunately, his recommendations do not suggest any new 
Stan dar ds . 



C. SOHHABI 

1 . T heory 

It is now possible to give a short summary of the 
theoretical literature in this chapter. This is given in 
point form. 

• there are both intrinsic and extrinsic pressures for 
an organisation to be interested and able to validate 
its selection frccedures. 

• validation of selection standards can take either the 
•predictive' or 'concurrent* research design as they 
produce equivalent results. 

• all selection research should begin with a thorough 
job analysis sc that relevant information is obtained 
to assist in the development of both criterion and 
predictor concepts. 

• certain principles are known which assist in the 
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sel€ctiDn of criterion and predicror measures. 

• validity coefficienrs are susceprible to shrinkage 
due to a number of factors which may be controlled or 
adjusted for. 

• while correlation coefficienrs are useful in selecring 
the most relevant predictors from a large number of 
potential predictors and as a technical statisxic of 
validity, alone they do not indicate precisely what 
the selection procedures should be. 

• providing utilities can be estimated for the various 
predictor/crit ericn outcomes, the decision centered 
validity design appears the most practical and useful 
to determine predictor cut-offs which maximise utility 
and which ultimately determine the selection system's 
overall usefulness. 

• the double cross-validat ion design is a means of cver- 
ccming seme sources of sample specific bias in 
selection standards research. 

2 . Empirical Res ult s 

From the review of previous studies the following 
points may be summarised. 

• intra- and inter-job differences (e.g. complexity) are 
likely to effect the relationship between predictor 
and criterion measures. 

• validity coefficients for more complex jobs are likely 
to be higher than less complex ones. 

• relationships between criterion and predictor vari- 
ables are not likely to be stable over time as 
training and experience appear to "wash out" these 
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relaticn ships by reducing differences in criterion 
performances . 

• significant predictor measures found in military stud- 
ies include age, marital status, education, ability 
test scores and other biographical variables. 

• criterion measures used previously in the military 
have included the following either singly or as compo- 
sites: length of service, advancement, recommendations 
for re-enlistment and various misconduct measures. 

• seme recent studies (e.g. Lurie, 1981) have emphasised 
the unusual moderating effect some variables may have 
on predictors. 
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III. AIM AND PDRPOSE OF THIS RE SEA RCH 

This chapter is designed to make a clear statement of 
the aim and purpose of the thesis. It is a chance to 
synthesise the literature survey of the previous chapter 
into a form which indicates the expected outcome from the 
analysis of the ratings chosen for s-udy. The general 
design of the research and a starament of the research 
hypotheses are also given. 

A. PORFCSE OF RESEARCH 

The overall purpose of the present research is to analy- 
sise the available data on a cohort of entrants to three US 
Navy ratings in order to test the possibility than the 
current selection procedures can be improved. The ratings 
are Ships' Serviceman, Personnelman and Aviation Technician. 
The study involves the development of selection standards 
which iz is hoped will enhance the octal effective perfor- 
mance of future entrants to these ratings. 

There are several secondary purposes. Inter-rating 
differences will be examined in relation to the level of 
complexity of each rating. To this end, ratings have been 
chosen deliberately with the intention of having a wide 
spread in terms of job complexity. The research is intended 
to examine rating differences with respect to different 
criteria of performance both for single and composite 
measures. Finally, it is intended to apply the concepts of 
utility analysis (that is, applying estimates of the cost 
and the productivity of sailors) as a means of de-^ermining 
the selection procedure which will yield the maximum pay-off 
in terms of total expected return to the Navy. 
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B. AIM 



The aim of this thesis is to investigate the possibility 
of improving the selection standards for three US Navy 
ratings. 



C. CESIGN 

In terms of the theoretical literature, the design of 
the present study is more 'predictive’ than it is 'concur- 
rent'. It is not strictly 'predictive' in the classical 
sense, as it does not include data on all applicants for the 
OS Navy, but rather has information on applicants who were 
subsequently enlisted. The research is somewhat 'concur- 
rent' in that sailors within a rating are included for 
analysis provided they met at least one of the three 
criteria of inclusion discussed in a later section. 

After the selection of appropriate predictor and 
critericn measures, the next feature of the design is the 
use of double cross-validation coefficients as an overall 
gauge of the usefulness of the relationship between pred- 
ictors and criteria as a selection tool. This involves the 
random splitting of the total sample into two halves, devel- 
oping a linear regression relationship for each half, then 
testing the correlation between predictions and criterion 
measures in opposite halves, and averaging these correla- 
tions to get an average validity coefficient. In essence, 
using the data from one half to predict the behaviour of the 
other half. 

Using these linear regressions models, it is intended to 
apply estimates of utility and disutility (i.e. the extent 
to which a particular selection outcome gives a positive or 
negative return to the employer) in order ro establish nhe 
optimal cut-off value of predictions to maximise the total 
expected utility. This cut-off value will be expressed as a 
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percentage impro vemenx on the total u“ility obrainabls when 
the predictive equation is not used. 

The design also includes an analysis of the effects of 
moderator variables (these are variables which interact with 
the predictcrs) . One of the most important in this study is 
job complexity. Others which have been shown to be signifi- 
cant in other studies, and which will be addressed in this 
study, are race and sex. 

D. BESOBCe HYPOTHESES 

While this research in more empirical than theory based, 
it is possible to formulate at least two research hypotheses 
based on past findings. 

1 . H ypoth esis 1 

Age, educational level and mental ability/aptitude 
will be amongst the variables found to be significant pred- 
ictors of criterion performances. 

2 • Hypothes is 2 

Validities of the ‘predict or/criter ion regression 
equations will tend to increase as the level of complexity 
of the Navy rating increases. 
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Ancther variable which will obviously have an effecr on 
the outcome of this study is the fact tha- for all ratings 
an existing selection procedure is in use. It requires that 
entrants exceed particular ASVAB subtest scores, as well as 
reaching a certain SCREEN score. The SCREEN score is 
explained in detail later, but it is a probability which 
represents the chances of the applicant completing his 
period of service (Sands, 1979). The probability is derived 
from a consideration of race, AFQT, marital status and high 
school diploma status. Such prescreening will tend to 
restrict the range cf both predictor and criterion variables 
which will have an effect on validity coefficients. 

A general description of each rating, which is taken 
principally from the US Navy’s "Enlisted Career Guide 
1981-82", fellows. 

1 • Ship s Servicem an (S H) 

At a primary level, depending upon their specialty, 
the SH may work in a barber shop, ship’s store, laundry, dry 
cleaning plant or office. Subsequently they may assume more 
responsibility in supervisory and managerial roles associ- 
ated with retail stores, commissary stores and laundry/dry 
cleaning plants. Among the distinguishing characteristics 
cf this particular rating is an emphasis on basic interper- 
sonal skills. While the actual employment may vary in phys- 
ical surroundings and requirements, the jobs ail have a lot 
to do with dealing and interacting with other people. An 
affinity for dealing with people is therefore essential. 
Although there is not a requirement for high level cognitive 
skills, it is nonetheless important for SHs to be of above 
average ability in arithmet ic and in such things as record- 
keeping and detail werk. After recruit training, the SH 
attends a 6 weeks’ course in the trade. There are about 
5,000 personnel emplcyed in this rating at present. 
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2* pgr sori Delaan (PN ) 

Ihe Navy's Fsrscnnslman is a rating which special- 
ises in clerical and counselling duties with respect to 
personnel. They provide information and counselling to 
enlisted sailors related to Navy occupations, opportunities 
for general education and job training, promotion require- 
ments, and in rights and benefits. After recruit training, 
the FN completes a 6 to 7 week technical school. There are 
about 7,000 personnel employed in this rating at present. 

3 . Aviation Tech nician (AT) 

The full title of this rating is Aviation 
Electronics Technician. As the title suggests, sailors in 
the rating are employed maintaining advanced radio, radar 
and electronics equipment that are carried on board 
aircraft. Within this broad area of responsibility, there 
are three categories of employment. The AT may be involved 
in testing and analysis of equipment, its maintaince and 
repair, and in related administrative tasks. After recruit 
training, the AT attends up to 6 months of full-time 
schooling, and depending upon whether the AT is a four or 
six year obligator, he/she goes on to do a farther 6 months 
of advanced first term avionics. The rating employes about 
10,000 personnel at present, and there are shortages of ATs. 

B. EATA EASE 

The cohort data base was assembled by the Defense 
Manpower Data Centre (DMDC) for the Administrative Science 
Department of the Navy Postgraduate School (N?S) . Cohort 
data on some 206,000 non -prior service sailors were obtained 
through the merging of three usually separate Navy files. 
These files are referred to as the DMBC file, the 
Advancement file, and the Navy Health and Research Center 
(NHRC) file. 
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The DMDC file contains pre-enlistiaen- variables as well 
as entry dates and current status. It was assembled by 
linking various copies of the Enlisted Master Record across 
time using Social Security number. This number was deleted 
in the final cohort file in the interests of privacy. 

The Advancement file records variables related tc the 
promotion of individuals through the advancement system. For 
example, this file provided values for the Final Multiple, a 
composite score, which determines whether the sailor is 
promoted . 

The NHBC file contains many of the same pre-entry varia- 
bles as the DMDC file, but records additional prs- and 
post-entry variables. Amongst these are aptitude scores on 
the Armed Services Vocational Aptitude Battery (ASVAB) 
subtests and percentile scores on the Armed Forces 

Qua lif icaticn Test (AFQT) . The file also contains such 
things as the total number of absenses without leave 
(AHOLs) , demotions, desertions and the times for promotion 
to various grades (eg number of days to E4) . NHRC is the 
largest of the three files. 

The cohort file included data from all enlisted entrants 
to the Navy between 1 September 1976 and 31 December 1978, 
No special data collect or monitoring of these subjects was 
set up; rather snapshots of their progress were taken in 
September 1982 from the various files to create the NFS 
cohort file. The time period allowed each enlistee the 

cppurtunity of serving about four years, with some being 
able to serve as long as six years. 

C. VARIABLES IN THE EATA BASE 

There are over 260 individual variables in the cohort 
data base, and -^hose relevant for this study are described 
belo w . 
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"I • Cri ~sr ion Var iable s 

Three critericn variables are used. One is uninary 
while the ethers are composi-es. The singular critericn is 
total length of service in months. This is available on all 
members of the cohort and is a true metric scale suitable 
for regression analysis. The second criterion is a posi- 
tively oriented ordinal scale. Three mutual exclusive and 
collectively exhaustive categories of criterion outcomes are 
identified. Those individuals who did not complete four 
years of service for other than medical, death or officer 
entrance reasons, were grouped in the first category. Those 
who completed four years' service ware placed in the second 
category. Those who served four years and were rated (i.e. 
became qualified in the rating), graded E4 and recommended 
for re-enlistment were placed in the third category. For 
the purposes of statistical analyses, these rhree categories 
were given the values ”10 ", ”20” and ”30” respectively. 

Since this scale attempts to differentiate the bsrter 
sailers from the others, it is known as the 'goodguy' scale. 
The third criterion is negatively oriented and is known as 
the 'badguy' scale. The first category includes -hose who 
did net complete four years of service, who had been disc- 
harged for negatively oriented reasons, and had either 
desertion, AWOL or confinements recorded against them and 
received a value of ”10”. The second ordinal category 
includes those who did not complete four years of service, 
or those who had demotions or were not recommended for 
re- enlist ment regardless of their length of service and was 
valued ”20”. The remainder of the group, who did no-^ 
exhibit any farticularly negative behaviours, were placed in 
the third category which was valued ”30”. 
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while these criteria could be defined in different 
ways, they seem to be consistent with the three regairements 
suggested in Chapter II. 

2 . Predictor Vari able s 

The following potential predictor variables are 
contained in the cohort file. They are: 

a. age at entry; 

b. marital status; 

c. highest education level reached; 

d. number of dependents; 

e. various ASVAB subtest scores (in raw score form); 

f. AFQT percentile scores; 

g. groupings based on AFQT scores; 

h. entry pay grade; and 

i. SC3EE!J score (which is the probability of completing 
the period of enlistment based on education, AFQT and 
race) . 

These variables have all been previously associated with 
predicting criterion measures in military and non military 
settings. They are consistent with the three requirements 
for predictcrs mentioned in the literature survey. 

3 . Mod era tor Var iable s 

As was pointed out earlier, it is suspected that 
complexity plays a moderating role. This has been accounted 
for, partially at least, by choosing three ratings which 
cover a wide span of complexity, and for which different 
selection procedures will be developed. 
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Race is another variable which may play a moderating 
role. Provided there are no adverse impacts for aincri-ies, 
as measured by hiring rates, it may be possible to apply -he 
same selection procedures across race, to the rating as a 
whole. Alternatively, selection procedures based specifi- 
cally on race groupings may produce a better overall result. 
In any case, previous research emphasises wisdom of taking 
race into account. 

Sex is another variable which is believed to play a 
moderating role in this research. In this study, there is a 
sufficient number of white females to perform analyses on 
two rating gro'ups (these are PN and AT) . 

^ • Screen ing of the V a riabl es 

while the accuracy of data entries into the original 
three data files is unknown, it is assumed to be very high. 
However, some cases were identified in the cohort data set 
which had impossible values. For example, no entrant to 
the Navy can be less than 17 years old, but some cohort 
members were listed with an entry age less than 17. These 
cases were excluded. Similarly, each of the ASVAS subtests 
has a known maximum number of items, thus cases with scores 
higher than these limits were excluded. Because the 
criterion measures all required that each sailor have the 
opportunity of serving for at least four years, then those 
sailors whose enlistment dates precluded serving this period 
were excluded. 

The exclusion of cases for these reasons was ’list- 
wise*. That is, the case and all its variable values was 
deleted. The percentage of cases deleted in this way 
amounted to less than 5%. 
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5. 



Estimat es of U tili ty 

as was argued in Chapter II, if a significant rela- 
tionship between predictors and the criterion is found, then 
estimates of utility for various selecricn outcomes become 
important fcr deciding the optimum cut-off on the predictor 
to achieve the best overall selection result. This involves 
determining the cut-off level on the predictor for which 
total utility is maximised (see Table II and related discus- 
sion) . This section discusses the derivation of the esti- 
mates of utility. 

Tc estimate the utility associated with each of the 
four possible selection outcomes it is assumed that the 
Billet Cost Model (see Griffin, 1981, for an explanation of 
the cost components cf this model) provides reasonable esti- 
mates. As is discussed by Campbell (1976), it is the inter- 
cell ratios which are important rather than the absolute 
values themselves. The Billet Cost Model provides a method 
cf approximating these ratios. 

Fcr correctly predicting a successful sailor, who 
will complete four years of service, the total marginal cost 
is taken as the best estimate of utility. This is based on 
the assumption that the Navy compensates sailors at the full 
value of their marginal product. This is probably a conser- 
vative estimate as a recent paper (Butler , 1982) has 
suggested. Butler has calculated for the Electronic 
Technician Rating, based on the amount of training dollars 
the Navy spends on these sailors and their expected total 
service, that the Navy must expect a return in product 
considerably in excess of rating billet cost. Nevertheless, 
the total billet cost figure is accepted as the best esti- 
mate of utility for this outcome (i.e. correctly predicting 
success) . 
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An estimaticn of tha disutility of prsdicning 

success, when in fact the sailor fails the criterion, is 
provided by the rating cost estimates cf 3alis and 

Clay-Mendez (1 982) . Basically these data coaie from the 
Billet Cost Model, but include only a few of rhe elements of 
the criginal model. The Balls and Clay-Mendez cost amounts 
are the average replacement costs by ratings across sc 
called guality gradings. The cost of the replacement of the 
highest guality grading is used in the present study as the 
estimate cf the disutility cf falsely predicting success. 

Eelevant product/cost figures are not available for 
the utilities associated with applicants who are rejected by 
the prediction device. However, these utilities are derived 
from the above estimates. In the case of the applicant 
correctly rejected (he/she would have failed on the 
criterion measure), it is argued that this selection outcome 
has the same utility as the disutilrty associated with the 
entrant who fails the criterion. Therefore, the 'Balis* 
cost data is used as the utility estimate for this selection 
outcome . 

The disutility of the rejection of the potentially 
successful applicant is derived as follows. The disutility 
associated with this outcome depends on the recruiting 
market and whether it is easy or difficult to get sailors. 
In some circumstances it could be that there are so many 
good quality applicants that rejecting potentially 

successful applicants has little or no disutility. One 
extreme value for this utility, therefore, could be zero. At 
the other extreme, the disutility of rejecting these appli- 
cants cculd be equal in magnitude to the utility of 
enlisting a successful applicant. The estimate of the disu- 
tility cf rejecting a potentially successful apllicant is 
taken as the average of these two extremes. The utility 
values, by rating, are given in Table IV . 
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TABLE IV 

Relative Utilities by Rating 



PREDICTOR PREDICTOR 

*** SUCCESS *** FAILURE *** 



RATING 

SH 

EN 

AT 



Criterion 

Success 

19260 

18488 

22297 



Criterion 
Fa ilure 

-1 3077 

-14495 

-21210 



Criterion 

Success 

-9630 

-9244 

- 1 1 149 



Criterion 

Failure 

13077 

14495 

21210 



The above utilities are used zo derive cut-cif 
scores for all three criteria. For the Length of 
Service (LCS) criterion they are used directly as the utili- 
ties for each of the four possible selection outcomes. On 
the goodguy and badguy scales they are used as the basis of 
developing utilities as described below. 



TABLE V 

Relative Goodgmy Utilities by Rating 





PREDICTOR 




PREDICTOR 






SUCCESS 




* 


FAILURE 






Criterion 




C 


riterion 






30 20 


10 


30 


20 


1 0 


SH 


28890 19260 - 


13077 


-19260 


-9630 


13077 


PN 


27732 18488 - 


14495 


-18488 


-924 4 


1 4495 


AT 


3 34 46 2229 7 - 


21210 


-22297 


-1 1 149 


21210 



For the goodguy scale, there are three criterion 
cutccnes, which for the purposes of establishing a cut-off, 
gives a total of six possible criterion/predictor oomtina- 
tions. The scale values 20 and 10 are taken to have utili- 
ties as shown in the above table. The utility of correctly 
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h i 1 1 








predicting a goodguy 30 is computed to be one and a half 
times the utility of correctly predicting a goodguy 20, As 
was done in developing the above values, the disutility of 
rejecting a sailer who would have been a goodguy 30 is taken 
as the simple average of its extreme values. As can be seen 
in Table V, the figure for SH is the average of 28890 and 
9630 . 

TABLE VI 

Relative Badguy Utilities by Rating 
PREDICTOR PREDICTOR 
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♦ ♦♦ 
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1 0 
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-9630 


-13077 
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IN 
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14495 - 


21743 


-9244 


- 14495 


18119 


AT 


22297 


21210 ” 
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for the ether outcome. 

D. SUBJECTS CHOSEH 

Within the WPS cohort file there are three possible 
indicators of a sailor's rating. These are as follows. 
Firstly, there is a rating recorded at the time of entry. 
Secondly, when the sailor attempts the rating examination. 
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Thirdly, 



the resulting rating is recorded. Thirdly, the Di^DC file 
contains a rating which is xhe sailor's official designation 
in terms of rating. These rating variables are known, 
respecxively , as (1) entry rats, (2) examinaticn rare and 
(3) DMDC rate. 

It wculd be an ideal situation if all three rating vari- 
ables agreed. However, there is considerable variation in 
the recordings of rating across these variables. In facn 
there are a total of seven different combinations when it 
comes to selecting suitable subjects for a particular 
rating. These seven possible combinations are shown in the 
Table VII. 



TABLE VII 

Possibilities for Selecting Subjects within a Sating 



I Rating Indicators | 



r — — 

Category 


1 

Entry 


Exam 


DMDC 


1 . 


Y es 


Y as 


Yes 




Yes 


Yes 


No 

L _ . j 


- n 

3. 


Y €S 


No 


Yes 


4. 


Y es 


No 


No 


5 • 


No 


No 


Yes 


6 • 


No 


Yes 


Yes 


7. 




No 

I 


No 

L J 


y 9s 

I IJI I 



Note 1: 'Ves' means that the data file indicated that 
the sailor was a member of the rating according 
to the particular rating indicator. 

Note 2: In choosing subjects who were representative 
of rating membership, all the above Categories 
except # 4. were used as selection criteria. 
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There are a number cf ways for determining which 
subjects in the listed categories are representative of a 
rating. One method could be to select only those subjects 
who were coded in the rating for all three rating selection 
variables. But this approach would seriously restrict the 
sample size and , indeed, it would probably not produce a 
repes entati ve sample cf the members of the rating. 

Of the seven possible categories listed in Table VII, it 
was decided to initially select on all seven, then to 
exclude these sailors in category 4. That is, the exclu- 
sions were those Navy entrants for whom the only indication 
cf membership of the rating was their entry code. It was 
reasoned that while these sailors showed an interest in the 
rating at seme stage prior to entry, there is no indication 
that he/she had ever had any work experience in the rating. 
From a ccncurrent validity point of view, it is necessary 
for the subject sailers selected for a rating to at least 
experience it and tc have their rating performances influ- 
enced by that experience. Presumably the sailors who were 
coded in the rating through the examination rate or through 
a DMDC cede have had sufficient experience in the rating tc 
be considered representative cf the rating. 

After these variable screens were applied, and the 
rating categories identified, subjects were chosen within 
each rating. These selections are shown by race and sex in 
Table VIII. As will be seen in the results section, it was 
decided that the numbers in some of the race/sex combina- 
tions were too small to perform realistic analysis. There 
are sufficient numbers of men in each race grouping. However 
there are enough white women in only the PN or AT ratings to 
perform regression and other analyses. Therefore, in all 
subseguent analyses, three groupings for SH, and four each, 
fer FN and AT, are reported. 
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TABLE VIII 

Sating Selactees by Bating, Race and Sex 



t r 1 1 1 1 



FATING 

.. 


Sex 


White 


Black 


Others 


TOTAL 


SH 


Mai e 


1330 


572 


169 


2071 


SH 


Female 


28 


7 


2 


37 


PN 


Male 


126 3 


288 


112 


1663 


PN 

. . 


Fe m a le 


47 9 


70 


15 


564 


AT 


Male 


340 0 


176 


114 


3690 


AT 


Fema le 


24 3 


14 1 


3 


260 





J. J 


1 1 


L J 


1 



Note 1: The number of personnel are shown in each cell. 

E. STATISTICAL PROCEDURES 

1 . Gen era l 

New that the criterion, predictor and mederaror 
variables have been indicated and the subjects identified, 
the statisrical procedures will be described. The 

Statistical Analysis System (SAS) package (SAS, 1979) was 

used for the analyses, along wirh some FORTRAN programs 
written by the author. Sample programs are lisred in 

Appendix A. 

2 . r escri pt ive A nalys es 

These are given by moderator variables, and consist 
of the sccre and/or mean values on predictor and criterion 
variables. No statistical tests are applied to these 
values, since where significant differences occur these are 
"captured" in the subsequent analyses. 
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3 • P redic t ive A naly ses 

Per each rating group the following steps are 

applied: 

a. stepwise regression is used to identify significant 
predictors ; 

b. these significant predictors are used in 'erdinary 
least squares' regression to develop 'double cross- 
validation' validity coefficients; and 

c. regression weights are used to score each case on the 
respective predictor equations. 

When the group size was small, the number of predictors 
used in the subsequent stepwise analysis, was limited to one 
variable to every 20 personnel. As a consequence, -^.he 
'other' racial category for ATs was limited to the first 
five variables selected in the stepwise procedure. 

^ • Est ima t ion of Cu t-off s 

The 'ordinary least squares* regression equatnens 
are used to estimate optimum cut-offs as is described below. 

In order to use the utility values to estimate the 
most ideal cut-offs on the predictors, it is first necessary 
to consider the LOS criterion measure as a dichotomous vari- 
able. Thus the sample is divided into two groups; those 
with less than four years and those with four years or more 
of service. The two three-point criternon scales were not 
recoded . 

As is illustrated in the Appendix A, during the 
double cross-validation SAS run on the computer, criterion 
measures predictor scores and the variable race were output 
to a separate computer file which could be accessed by the 
FORTRAN program. The predictor score output at this stage 
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was dsrivsd in the following way: the separate regression 

coefficients, in each of the cross-validating samples, were 
used to separately score all the cases producing two pred- 
icted scores for each case. A simple average was taken, 
which represents the predictor score output for later 
FORTBAN analysis. 

Ihe method for estimating the most appropriate 
cut-off score was explained in Chapter II. In summary, the 
cutting score chosen is the one which maximises equation 

4. 1 . 



Uc = Sum of ( Pr (i) * Ut (i) 



(sqn 4.1) 



where : 

Uc is the Total Utility for Cutting Score c. 

Pr (i) is the Probability of Outcome (i) . 

0* (i) is the Utility of Outcome (i) . 



The results cf these analyses will be presented in 
graphical form. In crder to get some frame of reference for 
evaluating the value of the chosen cut-off score, the 
cut-cff is expressed as a percentage change from, what is 
known as base rate. The base rate is simply defined as the 
value of eqiJation 4.1 when the cut-off is set so low that 
every applicant is accepted. Unfortunately, base rate is not 
the true utility of the current selection, since it is 
represents the assessment of the utility only for those who 
are selected by these procedures, ignoring applicants who 
are rejected by them. As is discussed in Chapter VI, the 
overall utility cf a selection device must take into account 
the costs involved in setting up and maintaining the system. 
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V. RESOLj^ 

This chapter presents the thesis results and is orga- 
nised into three sections. The first is descriptive, 
providing breakdowns cn criterion, predictor and moderator 
variables. The second section details the predictive 
results. This includes the variables selected for nmltiple 
regression, and also the results of cross validation. In 
the last section, the results of the application cf utili- 
ties to estimate appropriate cutting scores, are presented. 

A. DESCEIPTIVE RESOITS 

1 . SK Groups 

Shown in Table IX are the means and/or frequencies 
by category for potential predictor and criterion variables 
across the three male SH racial groupings. It is inter- 
esting to note that the length of service is greatest for 
non-white races. On the other hand, both the goodguy and 
hadguy scales indicate that proportionally more of the white 
group have extreme values than do the other two races. 

Among the predictor variables there are also some 
interesting trends. finite personnel seem to be younger with 
lower educational level. However, with some exceptions, the 
white group’s performances on the ASVAB subtests are better. 
This finding is consistent with this group’s better AFQT 
scores. 

2 . PN Groups 

The same basic trends noted for SH men are evident 
for PN men, as is shown in Table X. The white men are 
slightly younger, they exhibit 'good* rather than ’bad’ 
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TABLE IX 

Criterion and Predictor Values for SH Men 



Note 1 

Not s 2 

Note 3 
Note 4 



Variable 




Hhit e 


Black 


Other 


Number of Cases 




1330 


572 


169 


Mean LOS: months 




44.99 


49.31 


50.82 




30 


24% 


16% 


12% 


Gcodguy Scale 


20 


33% 


49% 


58% 


10 


43% 


35% 


30% 




30 


23% 


17% 


14% 


Eadguy Scale 


20 


51% 


66% 


72% 


10 


26% 


17% 


14% 


PEECICTOR MEANS 










Entry Age: years 
Marital Status 




18.7 


19.4 


21 .0 




1. 3 


1 . 4 


1 . 5 


Highest Education 




1 1.6 


11.8 


12. 2 


Denendents (number) 




.03 


.05 


.02 


AFOI Percentile 




46.6 


34.7 


32.3 


AFQT Group 




5.3 


4.5 


4.0 


Entry Paygrade 
SCEEM Score 




1. 1 
80.2 


1 . 2 
79.4 


1. 1 
80.2 


ASVAB Subtests; 
Attention to Detarl 




14. 6 


13. 8 


12. 9 


Numerical Operation 


£ 


32. 1 


23. 1 


27.3 


Autc. Information 




10. 1 


7. 3 


6.9 


Attentiveness Scale 




9.7 


10. 8 


C Q 


General Science 




10.4 


8.5 


7.3 


Electronics Scale 




7. 1 


8.3 


8.5 


Math. Knowledge 




1 1. 4 


9. 3 


8.9 


Space Perceptrcn 




1 2. 1 


11.1 


11.0 


Maintenance Scale 




9.9 


9.5 


9.6 


Electronic Info. 




17.9 


15. 2 


14.6 


Arithmetic Reasoning 


12.9 


10. 7 


9.5 


General Information 




9.4 


7.8 


6.5 


Word Knowledge 




19.5 


17.5 


15.1 


Shop Information 




12.7 


9.7 


9.4 


Combat Scale 




15. 9 


14. 1 


13.4 


Mech. Comprehension 




9.5 


7. 4 


6.9 


Gcodguy; 30 .. ser 


ved 


4 ye a r s , 


promo 


ted E4 


recomm 


ended for 


resnl 


istment 


20 .. served 


4 years. 






10 . . rem ain 


der after 


20 and 30. 



Bad guy : 



30 

20 

10 



remainder after 10 and 20. 
minor negative indicators, 
maior negative indicators. 



mag or negat 
Goodguy and Eadguy percentages sum 



:o 100%. 



AFQTgroups: values 1^to_8, 



■eoresent categories 



Un"order) 5, 4C, 4B, 4A, 3B", 3A, 2 and 

Marital Status: married (2); orbar (1). 



6 1 



Note 5 
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TABLE X 

Criterion and Predictor Values for PM Groups 



Variable 


White 


MALE 

Black 


Other 


FEMALE 

White 


Number of Casas 


1263 


2 88 


112 


479 


Mean LOS: months 


48.72 


49. 53 


51 .94 


45.67 


30 


17% 


9% 


12% 


21% 


Gocdguy Scale 20 


48% 


52% 


63% 


36% 


10 


35% 


39% 


25% 


43% 


30 


17% 


9% 


14% 


22% 


Badguy Scale 20 


72% 


81% 


79% 


74% 


10 


11% 


10% 


8% 


4% 


PREDICTOR MEANS 
Entry Age: years 
Marital Status 


19.8 


20. 7 


21 . 1 


20.0 


1.4 


1.4 


1 . 5 


1 . 5 


Hiahest Education 


12. 1 


1 2. 2 


12.7 


12.2 


Dependents (number) 


.07 


.06 


. 03 


. 05 


AFgi Percentile 


63. 0 


49. 3 


34.8 


63.9 


AFCT Group 


6. 2 


5.5 


3 .9 


6 . 3 


Entry Paygrade 
screen Score 


1. 4 


1. 5 


1 . 1 


1.4 


84,3 


82.7 


82 .3 


None 


ASVAB Subtests: 


Attention to Detail 


15.0 


14.0 


1 1 .8 


16. 1 


Numerical Operations 


35. 4 


30.6 


25.6 


37.8 


Autc, Informaticn 


11.3 


8. 4 


6.3 


7.6 


Attentiveness Scale 


11.5 


1 2. 6 


9.0 


12.6 


General Science 


12.6 


10.5 


7.8 


11.9 


Electronics Scale 


7. 9 


8. 9 


6.9 


5. 2 


Math. Knowledae 


13. 7 


11.1 


8.8 


13.8 


Space Perception 


12. 6 


11.1 


9.4 


12.9 


Maintenance Scale 


9. 1 


9. 1 


7.5 


6. 1 


Electrcnic Infc. 


19.3 


16.7 


13.4 


16.8 


Arithmetic Reascnina 


15. 0 


12.4 


9.3 


14.3 


General Information' 


10.6 


8. 6 


6.2 


8.1 


Wcrd Knowledge 


23.7 


22. 0 


14.7 


24.6 


Shop Information 


13. 6 


1 0. 7 


8.7 


9.9 


Ccmbat Scale 


15. 8 


14.6 


11.7 


14.2 


Mech. Comprehension 


11.0 


8. 1 


6.7 


9.4 



Notes: As for Table IX. 



behaviours, and are tetter perfcrioers on the ASVA3 and the 
AFQT than are the men in the other racial groups. 

The scores of the whirs PN women, not surprisingly, 
are closest to the scores of the white PN men. The women, 
however, have considerably shorter average lengths' of 
service, but exhibit a higher proportion of 'good' rarher 
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TABLE XI 

Criterion and Predictor Values for AT Groups 







MALE 




FEMALE 


Variable 


White 


Black 


Other 


White 


Number of Cases 


3339 


172 


109 


242 


Mean LOS: months 


53. 32 


53. 39 


51 .16 


45.37 


30 


18% 


10% 


18% 


14% 


Geedguy Scale 20 


52% 


57% 


43% 


44% 


10 


30% 


33% 


34% 


42% 


30 


19% 


10% 


16% 


15% 


Badguy Scale 20 


76% 


8 3% 


82% 


76% 


10 


5% 


7% 


2% 


3% 


PREDICTOR MEANS 
Entry Age: years 


19. 1 


20.5 


20.2 


20.6 


Marital Status 


1. 3 


1.4 


1 .5 


1 .5 


Highest Education 


12.0 


1 2. 2 


12.2 


12.5 


Dependents (number) 


.06 


.09 


. 08 


.08 


AFQT Percentile 


72. 5 


56.5 


55.6 


79.7 


AFCT Group 


6.7 


5. 9 


5.6 


7.0 


Entry Paygrade 
SCREEN Score 


1.9 

86.2 


1.8 

83.6 


1 .5 
83.9 


1 .8 

None 


ASVAE Subtests : 
Attention to Detail 


15.2 


14.5 


15.5 


16.7 


Numerical Operations 


35.5 


3 1.4 


33.5 


40.5 


Autc. Information 


1 4. 7 


10.9 


11.1 


10.0 


Attentiveness Scale 


9.4 


10.9 


9.3 


12.4 


General Science 


14.9 


12.7 


12.5 


14.8 


Electronics Scale 


1 1.0 


11.5 


10.5 


9. 1 


Hath. Knowledge 


16.0 


13.9 


14.5 


16.6 


Soace Perception 


14.9 


1 3. 2 


14.0 


15.3 


Maintenance Scale 


12.0 


1 0. 7 


10.0 


8.7 


Electronic infe. 


24. 2 


22. 0 


21.0 


20.3 


Arithmetic Heasenina 


16.3 


14.0 


13.8 


16.7 


General Information' 


11.6 


10. 1 


9 . 1 


9.6 


Word Knowledge 


24. 2 


2 1.5 


19.6 


26.6 


Shop Information 


16. 2 


12. 9 


13.2 


12. 1 


Combat Scale 


16.4 


14.6 


14.4 


15.8 


Mech. Comprehension 


1 4. 5 


10.7 


11.7 


11.5 



Notes: As for Table IX. 



•bad’ behaviours. On ASVAB subtests the women, 
compared with white men, are better on some scales 
Numerical Operations and Word Knowledge) , poorer on 
others (e.g. Auto Information and Electronics Scale) 
about the same on the remainder. On educational level 
women have entry educational levels which are within 



w he n 
(e.g. 
seme 
and 
, the 
the 
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extremes of the three male racial categories on this vari- 
able. Inci den t ially , it is the male 'other* race category 
which has the highest educational level fcr the PN rating. 

3. AT Groups 

Por the AT rating perhaps the most striking fact is 
the proportion of ATs who are white (see Table XI, about 
92%) . This is considerably larger than the eguivalsnt 
percentages for PN ( 76% white ) , and SH ( 6u% white ) . 

The trends in the AT data are consistent with those 
already mentioned for FNs and SHs. Again, the white group is 
younger, with lower education level and generally better 
AFQT scores. However, for AT there are proportionally more 
Blacks in the negative category of the 'bad guy' scale (i.a. 
those scores of *10*). Women again have superior perfor- 
mances on some ASVAB scales and, for this rating, they have 
the highest education level. 

B. PHEDICTIVB RESULTS 

In this section the results of the stepwise regressions, 
in the form of the variables selected and the signs of the 
respective coefficients, are presented. These are followed 
immediately by validity estimates for the predictive models 
which are constructed. Regression coefficients and statis- 
tics are not listed in the body of the thesis: however, 

interested readers are directed to Appendix B where they are 
given in full. 

1 . Length of Ser vice Cri terion 

Fcr the SH rating, the variables selected as pred- 
ictors on the length of service criterion by race, according 
to the sign of the coefficient, are shown on Table XII- 
Across races all the signs are consistent for predictors 
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TABLE XII 

Stepwise Regression for SH on LOS 



Variable Whire Black Other 



Entrv Age; years j 


n 


n 


Pcs 


Marital Status 


Pos 


Pos 


n 


Highest Education 


n 


Pos 


n 


Attention tc Detail 


n 


n 


Neg 


Autc. Information 


Neg 


n 


n 


Attentiveness Scale 


Neg 1 


Neg 


n 


General Science 


n 


n 


Pos 


Arithmetic Reasoning 


n 


n 


Neg 


General Information 


Neg 


n 


Neg 


Mech. Comprehension 


n 


n 


Neg 


Combat Scale 


n 


Pos 


n 


AFCT Group 


Neg 


Neg 


n 


Entry Paygrade 


Pos 


n 


n 


SCREEN score 


Pos 


Pos 


n 


Dependents <number) 


Neg 


n 

1 


n 

L 



N ote 

Pcs means the coefficient was positive, 
Neo means the coefficient was negarive. 
•n* means the variable was nor selected. 



which entered the equation in more than one racial grouping. 
Entry age, marital status, educational level and entry 
paygrads are all positively related to length of service. 
Longer service is associated with higher values cn these 
variables. Nearly all the predictive ASVAB subtests, and 
the AFQT groupings, are negatively related to length of 
service. 

As shown in Table XIII, there are some differences 
in the signs associated with predictors for the FN groups 
for the length of service criterion. For whites and blacks, 
higher education is associated with shorter service, while 
for the 'other' race category, the reverse is true. There 
are mixed signs for the ASVAB subtests, but the SCREEN score 
consistently has a positive sign. Soma ASVAB predictors for 
length cf service, in the female group, have negative signs. 
Perhaps this is net surprising, because as was noted 
earlier, women tended to have shorter service but better 
ASVAB subtest scores than did men. 
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TABLE XIII 

Stepwise Regression for PN on LOS 



Variable 


Whits 


MALE 
B lack 


other 


FEMALE 

Whits 


Entry Age: years 
Marital Status 


r " ^ 1 

Pos 

Pos 


[ 

n 

Pos 


n 1 
n i 


1 n 

1 n 


Highest Education 


Neg 


Nea 


Pos 


Neg 


Attention to Detail 


n 


n" 


n 


Neg 


Numerical Operations 


n 


Neg 


n 


n 


Electronics Scale 


Pos 


n 


n 


Pos 


Electronic infe. 


Pos 


n 


n 


n 


Arithmetic Reasening 


Neg 


n 


n 


Neg 


Word Knowledge 


Nag 


n 


n 


Neq 


Cemtat Scale 


n 


Neg 

n 


n 


n’ 


Shop infermatien ! 


Pcs 


n 


n 


AFQT Percentile 


n 


Nea 


n 


n 


Entry Paygrade 
SCREEN Score 


n 

Pos 


n " 
Pos 


•n 


Pos 

n 


Dependents (number) 


Pos 
1 


Pos 

1 J 


Neg 

1 


i.4 



Note 

Fes means the ccefricier." was positive. 
Neg means the coefficient was negative, 
•n* means the variable was not selected. 



TABLE XIV 

Stepwise Regression for AT on LOS 



MALE FEMALE 

Variable White Black Other White 



r n 

Entry Age: years 


1 1 

n 


n 


r 3 

Pos 


- 

n 


Marital Status 


Pos 


Pos 


n 


Neg 


Highest Educaticn 


Neg 


Nsg 


n 


n 


Numerical Operations 


Neg 


n 


n 


n 


Autc. Information 


n 


n 


N eg 


n 


Attentiveness Scale 


n 


Pos 


n 


n 


General Science 


Nsg 


Nsg 


n 


n 


Electronics Scale 


Pos 


'n 


n 


Neg 


Math. Knowledge 


Neg 


n 


•n 


n 


Space Perceoticn 


Nsg 


n 


n 




Maintenance' Scale 


n 


n 


Pos 


Pcs 


Electronic Infe. 


n 


n 


Pcs 


Pos 


Shop Information 


n 


Neg 


•n 


T) 


A?CT Percentile 


Pcs 


n 


il 


n 


AFCT Group 


Neg 


n 


n 


n 


Entry Paygrade 


Pos 


n 


n 


n 


SCREEN Score 


Pos 


n 


Pos 


n 


1 - - . _ __ . J 




1 


! 1 


1 — J 



Pos means 




No;^ 

the coefficxent was positive, 
the coefficient was negative, 
the variable was not selected. 
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Like the SHs, there is a coasistency of signs for 
stepwise entered predictors for the AT rating (see Table 
XIV) for length of service. However, zhe direcnicn or -.he 
signs, for some variables, is different. For example, 
educational level for two racial groupings, is new nega- 
tively related to length of service. This sign change is 

carried over into the ASVA3 suttests. Being such a techni- 

cally complex rating, one would expect Science and 
Mathematics to be positively relaned to length of service. 
However both of these scales have negative signs. 
Consistent with some of the other stepwise regressions, 
SCREEN score is positively related to length of service. 

2 . Gcodquy Cr iterion 



Table XV shows the 
good guy scale for the SH 



variables selected by race on the 
rating. This is the smallest 



TABLE XV 

Stepwise Regression for SH on Goodguy 

Variable white Black Other 



Marital Status 


Pos 1 


1 Pos 


— 

n 


Highest Education 


Pos 


n 


n 


Auto. Information 


n 


n 


Neg 


Electronics Scale 


Meg 


n 


n 


Math. Knowledae 


Pos 


n 


n 


Electronic Info. 


n 


n 


Neg 


Combat Scale 


n 


Pos 


Pos 


AFQT Percentile 


n 


n 


Neg 


AFQT Group 


n ! 


1 Meg 


n 


SCREEN Score 

L 1 


n 1 

1 j 


[ Pos 
1 1 


Pos 

L J 



Nc te 

Pcs means the coefficient was positive. 
Meg means the coefficient was negative. 
*n' means the variable was not selected. 



number of variables selected for any of the stepwise 
regressions. The signs are all consiszent with the pred- 
ictor selections for SH on lengzh of service. However, it 
is interesting to note that AFQT percentile, for the 'other' 
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racial category, has a negative sign: lower AFQT percentiles 
are predictive of better goodguy performances. 



TABLE XVI 

Stepwise Regression for PN on Goodguy 

MALE FEMALE 

Variable Whits Black Orhsr Whine 



— 1 


— — 1 


1 — — 


— 


1 ■ " > 


Marital Status 


Pos 


n 


n 


Tl 


Highest Education 


Neg 


Neg 


Pos 


n 


Attention to Detail 


n 


n 


n 


Neg 


Numerical Operations 




Neg 


n 


n 


Electronics Scale 


Pos 


Neg 


n 


n 


Math. Knowledge 


n 


Pos 


n 


n 


Mech. Comprehension 


Pos 


n 


n 


r. 


Electronic infe. 


n 


?o s 


n 


n 


Arithmetic Reasoning 


Neg 


n 


Pos 


Neg 


Word Knowledge 


Neg 


n 


n 


Neg 


Ccirhat Scale 


n 


a 


Pos 


n 


General Information 


n 


Pos 




n 


Shet Information 


n I 


Neg 


N eg 


n 


AFC! Percentile 


n 


n 


Nog 


n 


SCREEN Score 


Pos 


n 


n 


li 


Dependents (number) 


Pos 




n 

1 


Neg 
1 


n 

1 



Note 



means 


the 


coe f r icient 


was posit 


ive . 


m 6 an s 


the 


coefficient 


was negat 


ive. 


means 


the 


variable was 


not sele 


cted 


As 


was 


the case on 


the len 


gth 



Pcs 

Neg 

' n* 



criterion for PNs, the level of education is negatively 
related tc the goodguy scale. This is shown in Table XVI. 
ASVAB subtests selected have varying signs and for two 
racial grcupings for men, the variable 'number of depen- 
dents* has entered the regression equation. The SCREEN 
score for white males is positively related to desirable 



goodguy behaviors. 

For the AT groupings, on the goodguy scale , see 
Table XVII, there is little consistency regarding which 
variables are selected. Only three predictors were chosen 
in mere than one grouping, and whan this happened the signs 
are different across groups. It is interesting that for the 
largest croup, white males, not a single ASVAB subtest is 
selected as a predictor. 
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TABLE XVII 

Stepwise Begression for AT on Goodguy 



MALE FEMALE 

Variable White Black Orher White 



Marital Status 


1 

Fos 


r 1 

n 


n 


n 


Highest Education 


Fos 


Neg 


n 


n 


Attention to Detail 


n 


n 


Pos 


n 


Attentiveness Scale 


n 


Pos 


n 


T1 


General Science 


n 


Neg 


n 


n 


Electronics Scale 


n 


n 


n 


Nea 


Maintenance Scale 


n 


a 


Px 


Pos 


Electronic Info. 


n 


n 


Neg 


Pos 


Werd Knowledge 


n 


n 


Pos 


n 


AFCT Percentile 


n 


Pos 


Neg 


n 


AFCT Group 


n 


Neg 


n 


n 


Entry Paygrade 


Nea 


n 


n 


a 


SCREEN Score 


n 


n 


Pos 


n 



L J I I. 



No te 

Fes means the coefricient was positive. 
Neg means the coefficient was negative, 
♦n' means the variable was not selected. 



3. Eadqny Cri ter ion 

The SH rating, see Table XVIII, on this scale, 
a consistenx trend fer education to be positively re 



TABLE XVIII 

Stepwise Regression for SH on Badguy 
Variable White Black Other 



Entry 


Age: 


year 


s i 


1 

1 n 


Neg i 


1 n 


Harit 


al Sta 


zus 


i 


1 Pos 


7 % 


n 


Hiqhe 


St Edu 


cati 


on i 


1 Fos 


Fos 


Pos 


Sumer 


ical 0 


pera 


tions 1 


1 Pos 


n 


n 


Auto. 


Inf or 


matr 


on 1 


1 ^ 


n 


Neg 


Elect 


roni cs 


Sea 


j.e 1 


I Nea 


n 


n 


Arith 


me tic 


H eas 


oning 1 


1 


Neg 


a 


Comba 


t Seal 


p 


1 


1 n 


Pos 


Pos 


Word 


Knowle 


dge 


1 


1 Nea 


a 


a 


AFCT 


Percen 


"tile 


1 


I 




Neg 


AFQT 


Group 


ade 


1 


1 n 


a 


Pos 


Entry 


Paygr 


1 


1 Pos 


a 


a 


SCREE 


N Sc or 


€ 


1 


Pos 


a 


a 



Pcs means 
Neg means 
’n’ means 



Note 

the coeffx^ent was positive, 
the coefficient was negative, 
the variable was not selected. 



shews 
la ted 
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for all thrs€ racial groupings. Since rhe goofiquv and rh^ 
badguy scales are both scored in the same dirscticn (i.e. 
the 'good' and 'bad' ends have rhe same numerical values), 
this means thar higher education is associated with 'non- 
bad' behaviours. Several ASVAB subtests were selscred, with 
differing signs. Entry paygrade and SCREEN score are both 
posit ive . 



TABLE XIX 

Stepwise Regression for PH on Badguy 



Variable 


White 


MALE 

Black 


Ot her 


FEMALE 

White 


r 1 

Entry Age; vears 


1 ^ 
n 


1 

Neg 


1 < 
n 


r 

n 


Highest Education 


n 


n 


Pos 


Pcs 


Attention to Detail 


n 


n 


n 


Neg 


Auto. Information 


n 


Pos 


n 


n 


Space Perceoticn 
Electronic Info. 


n 


n 


r 


Pcs 


Pos 


n 


n 


n 


Arithmetic Reasoning 


n 


n 


n 


Nea 


Shep Information 


n 


Neg 


Nea 




AFCT Percentile 


n 


n 


Neg 


r> 


AeQT Group 


N9g 


n 




n 


Entry Paygrade 


n 


Pos 


T 


n 


SCREEN Score 


Pos 


n 


n 


n 


Dependents (number) 


Pos 


n 


Neg 


Neg 



Pcs means 


the 


Note 

coe ffTcient 


was posit 


ive • 


Neg means 


the 


coefficient 


was negat 


ive. 


'n' means 


the 


variable was 


not sele 


cted 


For 


PNs, 


see Table 


XIX, en 


“P V 



the regression only for blacks, and it has a negative 
coefficient. Education level is selected for two groups, 
the 'other' male race category and whits women, and for 
both, the sign is positive: higher education level implies 

fewer undesirable behaviours. There are a variety of ASVAB 
subtests selected with differing signs, and it is inter- 
esting tc note that fcr three of the four groups the number 
of dependents entered the regression. For white males, 
having mere dependents suggest fewer negative behaviours, 
while for the 'other' races and white females, having mere 
dependents is associated with more negative behaviours. 



70 



TABLE XX 

Stepwise Regression for AT on Badguy 



Variable 


White 


MALE 

Black 


other 


FSMAL E 
White 


Entry Age: years 
Marital Status 
Highest Education 
Auto. Information 
Electronics Scale 
Math. Knowledae 
Electronic Info. 
Arithmetic Reasoning 
Combat Scale 
AFQT Percentile 
AFQT Group 
Entry Paygrade 
SCREEN Score 
Dependents (number) 


Pos 

Neg 

Fos 

n 

n 

n 

n 

n 

n 

n 

Neg 

Neg 

Fos 

n 


n 

n 

n 

Pos 

n 

Neg 

n 

Pos 

n 

Pos 

Neg 

Neg 

n 

n 


n 

n 

n 

Neg 

n 

Pcs 

Neg 

n 

n 

n 

n 

n 

P cs 
n 

1 


Pcs 

Pcs 

n 

n 

Neg 

n 

n 

n 

Pcs 

n 

T1 

Neg 

n 

Neg 

1 j 



No^e 

Pcs means the coefficient was pcsizive. 

Neq means the coefficienz was neaative. 

'n* means zhe variable was not selected. 

The final stepwise table. Table XX, shows 
the selected predictors for AT groupings on the badguy 
scale. The most consistent subtest finding across groupings 
is the entry paygrade, which has a negative sign. This 
variable is selected in three groupings and implies that the 
higher the entry pay grade the more likely are negative type 
behaviours. 

^ • Val idi ty Estimates 

Shown in the next series of tables are double 
cross-validition coefficients by rating, grouping and 
randomly selected sample. They are based on forming pred- 
ictor equations from the stepwise procedures for each 
individual group. Validities for the '’men all” category 
were the result of forming regression aquations on all pred- 
ictors which had been independently selected by mala race 
groupings. The average validities given ware calculated 
using Fisher's transformations for determining average 
weigthed correlation coefficients (see McVeraar, 1963, pp. 
139- 140) . 
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a. Length of Service 

The length of service validities by individual 
sample are shown in Table XXI. All of rhem are significant 
except fcr the ’other' male race grouping, in borh the PN 
and AT ratings, and the women in the AT rating. Host of the 
validiries are greater than .20, but only one (AT blacks in 
Sample 1) is in excess of .40. 



TABLE XXI 

length of Service Validities by Sating and Sample 



1 Sample 1 | Sample 2 



RATING 


r 

n 


r 


P < 


n 


r 


P < 


SH 






1 -L — T j 


r — “ ' — — ■■ 






MEN All 


1016 


.2748 


.000 1 


1022 


.2806 


.000 1 


White 


67 1 


.1893 


. 0001 


635 


.2330 


.0001 


Black 


262 


.3375 


.0001 1 


2 96 


. 2581 


.0001 


ether 


91 


.3053 


. 0033 


78 


.3640 


.0011 


EN 














MEN All 


817 


.2731 


. 000 1 


783 


. 2785 


. 000 1 


White 


606 


.2881 


. 0001 


620 


. 2394 


. 0001 


Black 


158 


.3519 


.000 1 


125 


.2963 


.0008 


ether 


6 6 


.0546 


.6634 


46 


.1294 


.3919 


WOMEN White 


24 1 


.2060 


.0013 


238 


.2939 


.0001 


AT 














MEN All 


1824 


.2530 


. 0001 


1799 


.2803 


.0001 


Wh ite 


1676 


.2617 


. 0001 


1678 


.2856 


.000 1 


Black 


9 1 


.4227 


. 0001 


35 


.3338 


. 0018 


Ot her 


58 


.2393 


. 0705 


52 


.2125 


.1304 1 


WOMEN White I 


124 


.1219 


. 1771 


1 16 


. 2399 


.0095 
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b. Goodguy Criterion 

For each rating as shown in Table XXII, scire of 
the validities by grcups are stands tically insignificant. 
The overall magnitude of these validiries, compared to these 
for the length of service criterion, are smaller. The 
maximum validity is .378, while a number of them are less 
then .10. 



72 



TABLE XXII 

Gcodguy Validities by Rating and Sample 



1 Sample 1 | Sample 2 | 


RATING 


n r p < 


n r p < 


S H 

MEN All 

White 

Elack 

ether 


1016 .1052 .0008 

681 .1586 .0001 

262 .1268 .0403 

83 .3673 .0006 


1004 .1373 .0001 

649 .2176 .0001 

296 .1593 .0060 

73 .3916 .0006 


EN 

:^N All 

White 1 
Elack 
Ot her 
WOMEN White 


817 .0914 .0090 

606 .1695 .0001 

160 .1579 .0462 

66 .0987 .4306 

241 .1752 .0064 


783 .0666 .0627 

620 .1464 .0003 

128 .1179 .1852 

46 .2631 .0773 

238 .1799 .0054 | 

L __ _ _ 


AT 

MEN All 

White 
Black 
ether 
WOMEN White 

L _ J 


1824 .0421 .0723 | 

1712 .0895 .0002 

91 .3046 .0033 | 

53 .2577 .0508 

125 .0004 .9969 

L J 


r - - — . . 

1799 .0339 .1503 

1688 .0303 .2128 

85 .3503 .0010 

52 .3464 .0119 

118 .0514 .5807 



TABLE XXIII 

Eadguy Validities by Rating and Sample 



I Sample 1 1 Sample 2 1 



1 . 1 r J 


RATING 

1 - .. - j 


n r p < 


n r p < 


S H 

MEN All 

White 

Elack 

Other 


1016 .1713 .0001 

671 .1967 . 000 1 

270 .1178 .0531 

91 .3652 .0004 


1004 .2062 .0001 

635 .2589 .0001 

302 .1890 .0010 

78 .3254 .0037 


PN 

MEN All 

White 
Elack 
Or her 
WOMEN White 


817 .0963 .0059 

606 .1452 .0003 

160 .2352 .0003 

66 .1102 .3784 

241 .1815 .0047 


783 .0980 .0061 

620 .1174 .0034 

128 .2049 .0204 

46 .1717 .2538 

238 .1896 .0033 


AT 

MEN All 

White 
Black 
Other 
WOMEN White 
1 


1824 .2293 .0001 

1676 .2513 .0001 

91 .2741 .0086 | 

58 .3728 .0040 

125 .2688 .0024 

1 


. 

1799 .1999 .0001 

1664 .2086 .0001 

85 .3670 .0006 

52 .4464 .0009 

118 .2400 .0089 
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c. Eadguy Criterion 

For this criterion, validities seem to be higher 
than for the good guy criterion, as shown in Table XXIII. 
Only fcur of the 28 sample validities are insignificant at 
the .01 level of significance. The highest validity of any 
presented sc far (.4U64) occurs for one of the 'other' race 
sampl es (for ATs ) . 

5 . A verag e Vali dities 

Using the Fisher method, average validities were 
calculated from the validities just presented and these are 
shown in the next twc tables. Table XXIV, shows the average 



TABLE XXIV 

Average Validities by Group and Criterion 



CHITERION 



RATING 


ICS 


Goodguy 


— 1 

Badguy 


SH 








MEN All 


. 2777 


.1212 


. 1879 


White 


.2107 


.1876 


, 2272 


Black 


. 2959 1 


.1441 1 


. 1556 


ether 


. 3327 


.3787 


. 3470 










EN 








MEN Al 1 


. 2757 


.0793 


.0971 


White 


. 2888 


.1578 


.1312 


slack 


. 3 277 


.14 12 


. 2500 


ether 


. 0852 


.1669 


. 1354 


WOMEN White 


. 2502 


.1775 


. 1855 








, 


AT 








MEN All 


. 2666 


.1380 


.2148 


White 


. 2737 


.0602 


. 230 1 


Slack 


. 3801 


.3263 


.3197 


Other 


. 2262 


.3002 


.4082 


WOMEN White 


. 1796 


.0252 


. 2549 





1 


1 j 


1 I 



validity across each of the samples by racial groupings and 
ratings. The largest average validity occurs for the AT 
rating (.41) in the 'other' racial group on the bad guy 
criterion. The second highest validity is also for an AT 
rating (.38) ; it is for the black racial group. 
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lists grand average validities for mer.. 



Table XXV, 

for rating by criterion. For length of service, all three 
rating average validities are in excess of .25, vith a 
slightly increasing trend in size of coefficent as the 



TABLE XXV 

Validities fcr Hales by Rating and Criterion 

CRITERION 



RATING 




r — 1 

LCS 


1 , 

Goodguy 


Badguy | 


SH 


.2515 


.2046 


.2277 


EN 


. 2707 


. 1562 


. 1517 


AT 

1 j 


. 2762 

L - 1 


.0867 

1 j 


.2450 



rating ccnplexity increases. For the goodguy scale, the 
rank order of validities by magnitude is reversed: validi- 

ties decrease with rating complexity. The average validity 
for ATs on this criterion is particularly small. There is 
no consistent ranking by complexity for the other criterion, 
badguy. The PNs validity remains about the same as for the 
goodguy scale, as does the SH validity. The average validity 
for the ATs on this scale has increased considerably, up to 
.245. 

C. ESTIHATING COT-OFFS 

The method fcr estimating the cut-offs was described in 
the previous chapter. However, to illustrate the method, the 
calculaticn of the first few values in Figure 5.1 is given 
here. It should be noted that most of the figures in this 
section have two or more graphs drawn on them. This is done 
in the interests of economy rather than to imply they are 
related: each graph is based on a separate predictor 

criterion relationship. 
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The figures give several pieces of inf crmat ion , the most 
important of which is the line repesenting percentage change 
from the tase rats, for various potential predictor cutting 
scores. For Figure 5.1, the bass rate is determined as 
follows. Of the 2,020 male SH personnel 1,235 served four 
years or more, while 785 served for less than four years. 
Converting these values tc probabilities gives a 61.14% 
chance fcr a male SH meeting the criterion of completing 
four years or more years of service, and 38.86% chance of 
failing it. Using the utility values given in Table IV and 
equation 4.1 we now calculate the base rate as the sum of 
the products of the chances of an outcome by its utility. 
The SH length of service base rate is 6,693.39. As the 
reader will recall, this is the value for selection set so 
low that all personnel are accepted. The first potential 
cutting score is the smallest predictor score from the 
sample of 2020. This score is 34.1208 and occurs fcr an SH 
who passed the four year criterion. With the cutting score 
set at this value, there are 1,234 sailors out of 2,020 who 
are successful and who would be correctly predicted as 
successful based on this predictive relationship. One 
sailer cut of 2,020 would have been predicted to have failed 
the criterion for this cut-off, while 735 would have been 
incorrectly predicted to pass. The numbers are converted tc 
probabilities to give 61.09%, .05% and 38.66%, respectively. 
These three probabilities have utility values of 19,260, 
-9360 and -13077. Summing across the products of probabili- 
ties and utilities gives a total value of 6679.23. 
Therefore, the return over bass rate for a cut-off at 
34.1208 is a -0.21% change. There is a slightly negative 
return over base rate fcr this cutting score. Cn Figure 5.1 
the values 34.01208 and -0.21 are plotted as the first 
cut-eff point and its respective return. The next highest 
predictor score, 34.4115, is choosen. This happens to be for 
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a sailer who fails to mast the critarion. At a earring 
score of 34.4115, the probabilities and their respecrive 
utilities are: 61.09^ and 19,260; .05% and -9360; .05% and 

13077; and, 38.81% and -13077. Summimg the product of rhese 
values gives a total utility of 6685.70, which is a -.11% 
decline ever base rate. Therefore the next point plorted is 
34.4155 and -.11. This process is repeated for ail 2020 
predictor scores keeping track of the value of the maximum 
return over base rate and its respective cutting score. 
Note in figure 5.1 that values of base rate return which are 
less than -20.0% are not plotted. 

Also shown in the figures are two orher pieces cf infor- 
mation. The selection ratio is defined as the percentage/ 
proporxion cf personnel selected oux of the tonal who apply. 
The values shown in the figures are selecxion ratios at the 
cutting score which maximise total return over base rate. On 
each figure selecticn ratio is shown either by race (for 
men) or rating (for women). The other statistic is -he 
criterion proportions for those who are predicted to be 
successful. For Length of Service, the percentages who 
serve for at least four years are given, while for the erher 
criteria rhe percentages by criterion categories are shown. 
This latter statistic gives an idea as to the expected 
performance of the group selected for this cutting score, 
while the selection ratio indicates how the selection device 
will impact the applicant group at this score. 

1 . IQS Cri ter ion 

As can be seen from Figure 5.1, the optimum cut-off 
score for the SH rating produces almost a 5% increase over 
the bass rate utility. The predictor equation here is for 
male SHs based on all those variables selected for men in 
Table XII. The Figure shows the selection ratios and 
success percentages fer the optimum cut-off score hy race. 
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At. this cut-cff, white SHs have the smallest selection ratio 
of any race, but they also have the smallest percentage of 
success for those who would be selected. The majority of the 
’black' and ’other* racial groups are selected and the 
highest percentages are successful in these groups. 

Shown in Figure 5.2 are the cutting scores derived 
for race specific predictor equations. The best expected 
return is for the ’other' group (28. 8^), followed by whites 
(8.9^), and bl acks ( 1 .7%) . Set at these respective cut-cff 
levels, 85% of the ’ether’ group are selected with about 76% 
of them serving beyond four years. For whites, 95% would be 
selected, with 59% successful. For blacks, virtually all 
(99.5%) would be selected, with a 67% success rare. 

In comparing these figures for SH on LOS (Figures 
5.1 and 5.2), several trends are apparent. The ’race-blind’ 
selection seems to be most severe, in terms of selection 
ratio, on the white group. When the whits specific predicror 
equation is employed , more whites are selected, for a slight 
decline (about 1.5%) in the percentage success. For the 
black group, a race specific predictor also improves the 
selection ratio, with a slight decline in the success rate. 
However for the ’other’ race group, the race specific pred- 
ictor equation markedly reduces ~he selection rate (down by 
about 13%), but boosts the success percentage by almost the 
same amount. 

Figures 5.3 and 5.4 show LOS results for the PN 
rating. Race blind selection produces abour a 6% improve- 
menr over base rare. As for SHs, the race blind predictor 
is most severe on the white group in terms of selection 
ratio. However, for those whites selecred, their success 
percentage is better than the black PNs. While the blacks 
are the least successful for this predicror equation, abour 
97% of them are selected. At the cut-off level for this race 
blind equation, 100% of the ’other’ racial group is 
selected, with about 76% of them being successful. 
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The return for individual race selection equations 
(Figure 5.4) is greater than from the race blind selection 
for each race. Blacks show the biggest improvement, with a 
reduction in their selecticn rate, down from 973?, but an 
imprcvement in their success percentage. Next come whites 
whose selection ratio has also been reduced but their 
success percentage improved. This is followed by the 'other' 
racial group, who are now selected at a rate of about 94%, 
with a slight increase in overall success percentage. 
Therefore, for all racial groups, race specific predictors 
have lead to a decline in selection rate, but improvements 
in overall utility and success percentages. 

As can be seen in Figures 5.5 and 5.6, the same 
trends are not true for ATs cn LOS. Race blind selecticn, 
lead tc about a 3% improvement on bass rate, with all races 
being fairly close together on selection ratios and success 
percentaces. The white race is marginally ahead cn both of 
these indices. In Figure 5.6, about the same values apply 
for whites cn race specific selection. However, the race 
specific equations for blacks and for the 'other' racial 
group have determined optimum cutting scores for which all 
of the cases would be rejected. That is, no one is selected 
and thus no one is successful. This result may have been 
expected for AT ' ethers' because of the insignificant 
validity coefficient fer this group (see Table XXI). Low 
validity suggests that any optimum cut-off value is likely 
to be spuricus rather than meaningful. However, Table XXI 
shows a highly significant validity for blacks. Tharefcre 
deriving an optimum cut-off which rejects everyone is 
certainly net expected. 

Shown in Figure 5.7 are the LOS results for white 
women FNs and ATs. Both optimum cut-offs have improved the 
base rate figure (24% for PN and 36% for AT) . While the 
selection ratios are lower than their male counterparts, so 
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Figure 5.6 
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too are their success percentages. This is not sc 
surprising, since Tables X and XI show women have the 
smallest average LOS of all groups in these ratings. 

2 . Gccdquy Criterion 

Shown in Figures 5.8 to 5.14, are the results of the 
analyses on this criterion. 

Fcr the SH rating, race blind selection leads to a 
selection ratio for whites that is the smallest of all three 
races. However, as can be seen from Figure 5.8, the optimum 
cut-off yeilds a return of just over 2 %. For race specific 
selecticn (see Figure 5.9), the returns for whites and 
•other* races are well over 30^, but in this case, only 65^- 
of the white group would be selected. The selecticn ratios 
are reduced for all races, compared with race blind 
selecticn . 

The returns for the PN rating on the goodguy scale, 
fcllcw a similar pattern as can be seen from Figures 5.10 
and 5.11. However, for this rating, blacks in the race 
blind selection, have the smallest selection ratio, but they 
also show the largest return (42%). Indeed, race specific 
selection has improved their position in selecticn ratio 
terms ficm the lowest for race blind selection to the mid- 
point on race specific selection. 

Fcr ATS on the goodguy scale, race blind selection 
does not produce any positive return over base rata (see 
Figure 5.12). The return for race specific selection (Figure 
5.13), is substantial for blacks and ’others* (38% and 78%, 
respectively) but a little more than ^% for whites. For the 
•other* race grcup, this high return is achieved with a 
selection rate of about 61%. For female PN and AT on the 
goodguy criterion, see Figure 5.14, the returns are almost 
600%. The cut-off fcr AT seems unrealistic, since only 14% 
are selected, whereas for PN the selection rate is 75% means 
that a reasonable proportion will be selected. 
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'igure 5.10 Bace Blind Selection for PN on Goodguy. 
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Figure 5, 1 1 
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Figure 5. 14 Bating Salscrion for PS & AT Mcnen cn Goodguy. 
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3 . Eadouy C ri ter ion 

Th€ seven Figures 5.15 tc 5.21, show ihe results for 
this criterion. 

Race blind selection for male SHs, see Figure 5.15, 
shows about a 3 % improvement over base rats. white men are 
the race which have the lowest selection ratio in race blind 
selection. Moderate improvement for whites and the 'other' 
racial group occur for race specific prediction (Figure 
5.16) . 

Fcr PN, see Figures 5.17 and 5.18, there is virtu- 
ally no effective return using the badguy criterion. While 
the 'ether* racial group shows only about a 6% improvement 
over base rats, the selection ratio of 98. 2^ is exrremely 
high . 

As can be seen in Figures 5.19 and 5.20, for AT men 
no selection device has been found that produces an improve- 
ment ever the base rate. 

Fcr women on this criterion. Figure 5.21 shows a 
positive (AT) and a negative (?N) return. The AT return is 
difficult tc interprste and resulrs in a 99% selecxion 
ran ic . 
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Figure 5.16 Race Specific Selection for SH or. Badguy. 
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Figure 5.17 Hace Blind Selecrion for ?N on Eadguy. 
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Figure 5.18 Rac<= Specific Selection for FH on Baiguy. 
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Figure 5.19 



Sace Blind Selecrion 



for AT on Eadguy. 
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Figure 5.20 



Race Specific 



Selecr ion 



for AT on 



Badgay. 
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Figure 5.21 Bating 
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VI. DISCUSSION 



This chapter is divided into two sections. The first 
deals with the results in relation ro the research 
hypotheses. The second discusses other findings. 

A. RISEAHCE HYPOTHESES 

The stepwise regressions, particularly on the LOS 
criterion, tend to support “he firsr hypothesis which pred- 
icted that entry age, education level and ability tests 
would be significant predictors of performance. Entry age 
was not selected for every regression, but it proved to be 
significant for at least one of the race/sex groupings on 
LOS fcr each rating. The relationship between age and the 
criterion was always positive: longer service is indicated 

for greater age at entry. Educational level was often 
selected toe. However the direction of the relationship was 
not as consistent. Fcr some groups it was positive and for 
others negative. There seems to be a trend for the coeffic- 
ient for education level to be positive in low complexity 
ratings and negative in the higher complexity ratings. This 
finding cculd be a related to restriction of range problems 
which were noted in the literature review. At least seme of 
the ASVAE scores entered every stepwise regression. The 
signs were not consistently positive or negative. 

At least for one criterion (i.e. LOS) the validity 
coefficients when averaged across groups, show a trend to 
increase with jcb cemplexity, a relationship predicted by 
the second hypothesis. On the whole, the validity coeffic- 
ients are large enough to suggest that the predictor equa- 
tions are sufficiently powerful to improve selection on 



103 



< 






these three criteria. Ccmparing criteria, LOS has the 
highest validity. 

B. 01HEB FINDINGS 

The descriptive results yeilded several general find- 
ings. They seem to support rhe view that whites have supe- 
rior per f crmanc as on psychometric tesrs of ability. On each 
on the ASVAE subtesrs, with one or rwo exceptions, the white 
group in each rating has performed better, in terms of raw 
score, means than the other two race groups. On the ether 
hand, this race, fer each rating, is younger at entry and 
(perhaps therefore) has the lowest educational level, with 
the smallest proportion being married variables which might 
be expected to be asscciated with lower ASVAB scores. for 
the SH and PN ratings, the white group has a shorter LOS, 
but with the highest proportions of rn-service 'good' and 
•bad* behaviours. Fcr the AT rating, blacks and whites have 
about the same LOS (blacks serve slightly longer) , and 
whites are more likely to have positive goodguy perfor- 
mances. The white wemen have similar performances as white 
men on both the predictor and criterion variables, except 
that they have the shortest LOS and generally exhibit the 
smallest percentage cf 'bad* behaviours. 

The estimation cf cut-offs, for all criteria, has 
supported the notion that the significant relationship 
between predictors and criteria can be useful in a selection 
setting. As measured against the concept of base rate, many 
groupings within ratings can be better selected. 

The findings of this reseach support the current US Navy 
selection procedures. For every stepwise regression in which 
it was selected, the SCREEN score (which is derived directly 
from the current procedures) was always positively related 
to the criterion. 
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From the averaged validities it appeared that the LOS 
predictors provide a means of increasing the selection 
utility across most trade, race and sex groupings. However, 
when optimum cut-offs were derived it was apparent that 
virtually none of the ftT relationships would yield any 
reasonable utility improvement over the base rate. For the 
ether ratings it appears that, except for SH blacks, there 
are positive returns to be obtained through selection based 
on the identified predictc r/criterion relat ionships . The 
highest returns are for PN and AT women. This is despite 
the fact that some predictor equations had validities which 
were small, and in some cases statistically insignificant 
(e.g. FN ’ether* and AT women). Apparently, although the 
validity coefficient was insignificant the relationship was 
still strong enough tc yeild a cutting score which improved 
overall utility. 

The ether two criteria, although they did not have 
double cross-validit ion coefficients which were as large as 
for LCS across groupings of personnel, also apparently are 
predictable from pre-entry information. However, when the 
cut-offs were determined, the goodguy criterion appeared to 
have potential for improving selection in all groupings, 
withthe exception of AT white women. For only three group- 
ings on the badguy criterion was a cut-off found which 
returned better than 5% over base rate. In a real sense 
these seem mere useful criteria than LOS, since they appear 
to capture more relevant information relating product and/or 
cost. The extent that personnel are promoted during a period 
of service and the extent to which costly negative behav- 
iours can be avoid are significant contributers to the erga- 
nisatiens overall effectiveness. It would appear that th« 
decision centered validity approach has revealed a number of 
potentially useful relationships which may be used for 
better selection. 
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The race blind selecricn cut-offs provided seme ir.rer- 
estir.g findings. For the SH rating in particular it seems 
clear that the white race would have greater proportions 
rejected than the other two racial groups if the race-blind 
prediction device was used. However, as has already been 
mentioned, mere of the white SH personnel should be rejeexed 
since they exhibit poorer criterion performances than the 
•other’ races. For the PN rating, race blind selection also 
selects the smallest percenxage of whites. This is a mere 
curious result since fer both ratings, most of the personnel 
were white and one would expect that they would dominaxe the 
regressions to the exxent t hax greater proportions of whites 
would be selected than would the other races. For race 
specific selection the white selection ratio at the optimum 
cut-off is no longer the lowest for the LOS, but it is for 
the goodguy scale. It appears that whites do not perform as 
well as the other races in these ratings (PN and SH) . 

The decision centered validity approach has turned out 
to be a powerful tool for the present research. It has 
allowed a means of directly demonstrating the usefulness of 
a composite predictor in a future selection role. Provided 
appropriate utility values can be derived, it is obvicus 
that the methodology employed in this study could be broa- 
dened. For example, in evaluating which cut-off tc apply, 
the criterion can be segmented into as many separate catego- 
ries as is required to reflect the different individual 
returns fer the pairs of predictor outcomes. At one extreme 
in criterion cat egorisaticn is the LOS methodology employed 
here, in which the criterion was considered as a dichotomy. 
At the other is the situation in which each and every 
subject in the research could be individually evaluated in 
utility terms. For example, for every subject a value could 
be placed on the service he/she provided, and an estimation 
could be made as to the value to the Navy (positive or 
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negative) in the case that this parson was 
because cf selection screening. These two values, which 
would probably not be the same, could be taken as predictor 
accept and predictor reject utilities and then used in 
exactly the same manner as in this study to determine an 
optimum predictor cutting-score which maximises total 
utility for all subjects. If the utility values were accu- 
rately derived from costs and products, then it may be 
possible to express selection utility in dollars per 
enlistee, which would be a readily acceptable means cf just- 
ifying a selection procedure. 

In applying the regression equations developed here to 
an actual setting, there are two other important considera- 
tions. These are both related to decisions that the Navy 
would make with respect to implementation. In this thesis, 
there was no external Navy decision as to which criteria of 
performance is the most useful for personnel selection. 
Length of service is widely used as a measure of good/ 
desirable behaviour, but for some employments, it may not be 
so important. Indeed for some employments, ’’short" tenure 
may even be a goal (e.g. those employments which serve 
primarily to prepare personnel for later jobs) . So before 
any attempt is made to implement these results the criterion 
would need to be specifically defined. It could be that 
there are other more pertinent criteria than those employed 
in this thesis. 

The other issue about implementation is related to costs 
and has two aspects. First, the present study estimated 
costs and utilities through published cost data. These 
figures were clearly and directly relevant for the LOS 
criterion, but even in this application assumptions were 
made as to the relative value of the predictor/criterion 
outcomes. There are, perhaps, better accounting or economic 
procedures to estimate these values than was used here. An 
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evaluaticr. cf th= utilities employad here is nesded b€fcr = 
implsmentaticn of these selection devices. Second, the ether 
aspect cf cost is directly related to i mplementaticn . In 
determining the optimum cutting-score on the predictive 
device fer this study and expressing this as a percentage 
return over base rate, it is clear that it does not take 
into account any costs associated with implementation. A 
cost-benefit type of analysis would be necessary to weight 
up the total costs of implementing and maintaining the 
procedures, against the expected return in terms of more 
profitable selection. The data presented here are relevant 
to this type of analysis, but returns over base rate, for 
example, would need to directly take account of the numbers 
upon which each of the graphs in the previous chapter was 
based on. Some of the very high returns over base rate may 
be seen in a different light when the numbers of cases is 
taken into account. Ease rata is a utility per enlistee: if 
the applicant pod is small, total utility (the product of 
the number of enlistees by utility per enlistee) might not 
be sc high. If the cost of implementing and maintaining a 
procedure was very high, then the expected return over base 
rate would have to be even higher, so as to produce a posi- 
tive return. 
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VII. SDNMARY AND CONCLOSION 



This thesis set out to develop selection standards for 
three US Navy ratings which varied in rerns of their 
complexity requirements. The selecrion literature was 
extensively reviewed. This gave direction as to the varia- 
bles likely to be predictive of subsequent performance as 
well as some gaidlines for choosing appropriate criteria ro 
predict. The method of evaluating the predictors in fore- 
casting subsequent performances took two forms. The first 
was the traditional method for estimating validity coeffic- 
ients through double cross-validation. The second applied 
utility esximates zo various predict or/cricer ion outcomes so 
as to determine the cut-off score on the composite predictor 
which maximised overall utility. These analyses were dene 
controlling for the effects of such moderator variables as 
job cemplexity, race and sex. 

within each rating a number of useful predicocr/ 
criterion relationships have been found. These relationships 
were shown to be valid and cutting scores derived which 
maximised total utility of the selection device. Some 
results suggest a significant race component in performance. 
This finding suggests the white race does not perform as 
well as the other races in the SH and PN rating. The signs 
on some ASVAB coefficients indicate negative relationships 
with criterion scores. This result was not expected. 

This research has illustrated the relationships that 
exists in the data and the use to which they could be put 
for selection purposes. Implementation of any of these 

relationships as a selection tool requires a confirmation 
that the criteria used here are relevant and useful to 
personnel managers in the US Navy. In addition, the current 
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analysis has been performed without any consideration of -he 
possible costs of the introduction and maintenance of the 
selection procedure. It would be necessary to conduct a 
cost benefit analysis to determine if the total expected 
returns from implementation were sufficient to compensate 
for the costs involved and therefore to produce a positive 
total return. To do this properly requires Navy decisions 
about the appropriateness of the criteria to be predicted 
and the utility and disutility values to 
correct and incorrect pre diet cr/criteria 
Such a cost benefit analysis has not been 
but is relevant for future research. 



be assigned to 
c lassi f ica tions. 
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APP ENDIX A 

EXAflPLE PROGRAM LISTINGS BASED ON PROCESSING SH 



This appendix gives sample listings for the proarams 
used to analysise the SH rating. These exactly parallel 
analyses for the other ratings. 

1 • SA S Pr ogram tc Select SH fro m NP S Coh ort Data 



Cn the following pages (Table XXVI) is a listing of 
the SAS jet to select out the SH from rhe Cohort File of 
206,000 and to place their records on Mass Storage. 

The variables are read in from raw data and the 
first two pages of Table XXVI, show the variables locations 
and their descriptions. This lists all the variables avai- 
lable in the cohort even though only a smaal number of them 
were actually used for the present analysis. 

The reader is referred to the SAS "User's Guide" for 
an explanation of the procedures involved. Comments 
throughout the listing explain some of the program steps. 

2 • SAS Pro gra m tc Per f orm R egres sions 



The following two tables give listings for two SAS 
programs. 



The first (Table XXVII) is the one used perform 
stepwise regression cn the whole sat of predictors sc as to 
select cut those which the more useful. The reader will note 
that after the SH data is read in, it is sorted by race 
which facilitates the subsequent regressions which are 
performed by race. 

The second (Table XXVIII) uses the output from the 
previous analyses to construct regression models for rele- 
vant race/sex groupings. The data is split, for each 



1 1 1 



grouping, into two random samples used as the basis for 
cross-validation. Predictor and criterion scores, afrer 
validation are then output, in raw dara form, to mass 
storage sc as to be available for later FORTRAN analysis in 
estimating cut-offs. 

3 . F OR TRAN Prog ram Estim ate Cut-offs on 

Pred ict ors 

Ihe raw output produced in the preceding SAS run is 
used as input data for this program (Table XXIX> along with 
the appropriate utility values. 

The program is written so as to be run on one of the 
Navy Postgraduate School's terminals which is linked to a 
Tecktrcnics plotter, although it could easily be 
for a different plotting device. The plotting is 
subroutines of the School's DISSPLA computer 



using 



rewrit ten 
per for me d 
package. 



TABLE XXVI 

Listing of SAS Set-Op Program: Cohort to File 



//NESBITTS JO 
//♦MAIN OEG=N 
// EXEC PGM = I 
//DD1 DD DISP 
// EXEC SAS 
//SAS. WORK DD 

// VOL=SBR=( 
//FILEIN DD 
// DISP=OLD, 
//FILEOUT DD 
// DISP=(NE 
// DCB=(BLK 
//SYSIN DD ♦ 
OPTIONS ERROR 
DATA FILEOUT. 

INFILE 

a 16 ENTRYAGE 
3 18 HYEC 
a 20 RACE 
3 24 TESTFORM 
3 26 AFQTGRPS 
3 28 ASVABNO 
3 30 ASVABWK 
3 32 ASVABSP 
3 34 ASVABEI 
3 36 ASVAEGS 
3 38 ASVABAI 
3 40 PRIORSRV 
3 44 ASVABCA 
3 46 ASVABCC 
3 61 TERMENLT 
3 59 ENTRYMTH 
3 65 PROGENLT 
3 74 ENLSTOPT 
3 78 TAPEDATE 
3 86 TAFMS1 
3 90 DDOC1 
3 93 PAYGRDE1 
3 95 MRTSIAT1 
3 S7 SPNSPD1 
3101 SEPRT1YR 
3103 SEPRT1DY 
3105 BA3D1MTH 
3107 ETS1YEAR 
3109 DOLE1YR 
3113 FEBD1YR 
3115 PEBD1DAY 
3112 ELGREUP1 
3118 TAFHS2 
3122 DDOC2 
3125 PAYGRDE2 
3127 MRTSTAT2 
3129 SPNSPD2 
3133 SEPRT2YR 
3135 SEPRT2DY 
3137 BASD2MTH 
3 139 ETS2YEAR 
3141 DOLE2YR 
3145 PEBD2YR 
3147 PEBD2DAY 
3144 ELGREUP2 
3150 TAFMS3 
3152 DPOC3 



,0171) NESBITT *,CLASS=K 
501P 



B (2501 
FGVM1.2 
EFBR 14 

= (OLD, DELETE) ,DSN = MSS. S250 1 . NRATESH 



SPACE= 
CISP= ( 
HVS007, 
UNIT=34 
DSN=ENL 
0NIT=33 
W,CATLG 
SIZE=64 

«: = 5* 
NRATESH 
FILEIN; 
FIB1. 
PIB1. 
FIB 1. 
PIB1. 
FIB1. 
FIB1. 
PIB1. 
FIB1. 
FIB1. 
FI51. 
FIB1. 
FIB1. 
FIB 1. 
PIB1. 
PIB1. 
FIB1. 
FIB5. 
PIB1. 
PIB1. 
PIB2. 
FIB2. 
FIB1. 
FIB1. 
FIB3. 
FIB1. 
FIB1. 
FIB1. 
FIB1. 
FIB1. 
PIB1. 
FIB 1. 
FIB1. 
FIB2. 
FIB2. 
FIB 1. 
FIB1. 
FIB3. 
FIB 1. 
PI31. 
FIB1. 
FIB1. 
PIB 1. 
FIB 1. 
FIB 1. 
FIB1. 
PIB 1. 
PIB2. 



CYL, (10, 10) ) , 
NEW-DELEIE, DELETE) , 
MVSOl2,aVS009,MVS064) , 
00-5, VOL=SER=ENLIST, 

ST. ALL.A7678 
30V,MSVGP=POB4B, 

) , DSN= MSS. S250 1 . NRATESH, 

00 ) 



INPUT 

3 17 RECORDID PIBl, 
3 19 SEX PIB1 
3 23 MRTLDPND PIB1 
3 25 AFQTPCNT PIB1, 
3 27 ASVABGI PIBI 
3 29 ASVABAD PIE1. 
3 31 ASVABAR PIS1 
3 33 ASVABMK PIBI, 
3 35 ASVABMC PI31, 
3 37 ASVAB3I PIBI 
3 39 SERVACCS PIBI 
a 43 ASVABCM PIBI 
3 45 ASVABCE PIBI, 
a 58 ENTRYYR PIBI, 
a 62 ENTRPAYG PIBI 
3 60 ENTRYDAY PIBI 
a 73 BONUSOPT PIBI 
a 75 YOUTHPRG PIBI 
3 81 TRENLMOS PIB5 
a 88 DPOC1 PIB2 
3 92 HYEC1 PIBI 
a 94 SERVTCS1 PIBI 
a 96 NDPNDNT1 PIBI 
3100 ISCI PIBI 
3102 SEPRT1MT PIBI 
3104 BASD1YR PIBI, 
3106 BASD1DAY PIBI 
3108 ETS1MNTH PIBI 
3110 DOLE1MTH PIBI 
3114 PEBD1MTH PIBI 
31 1 1 CHARSRV1 PIBI 
3116 FILEFLG1 PI32 
3120 DPOC2 PIB2 
3124 HYSC2 PIBI 
3126 SERVICS2 PIBI 
3128 NDPNDNT2 PIBI, 
3132 ISC2 PIBI 
3134 SEPRT2MT PIBI 
3136 BASD2YR PIBI 
3138 BASD2DAY PIBI 
3140 ETS2MNTH PIBI, 

3142 DOLE2MTH PIBI 
3146 PEBD2MTH PIBI 

3143 CHARSRV2 PIBI, 
3143 FILEFLG2 PIB2 
3151 TAFMS4 PIBI, 
3154 DDOC3 PIB2 



UNIT=3350 



3156 


HYEC3 


FIB1. 


3157 


PAYGRDS3 


PIB1 . 


3158 


SERVICES 


FIB 1. 


3159 


MRTSTAT3 


PIB1 . 


3160 


NDPNDNT3 


FIB1. 


3161 


SPNSPD3 


PIB3. 


3 165 


SEPRT3YR 


PIB1. 


3166 


SEPRT3MT 


PIB1 . 


3167 


SEPRT3DY 


PIB1. 


3168 


BASD3YR 


PIB1 . 


3169 


BASD3MTH 


FIB1. 


3170 


BASD3DAY 


PIB1 . 


3171 


ETS3YEAR 


FIB1. 


317 2 


EIS3MNTH 


PIB1 . 


3173 


DOLE3YR 


FIB1. 


3174 


DOLE3HTH 


PIB1 . 


3177 


PEBD3YR 


PIB1. 


3178 


PEBD3MTH 


PIB1 . 


3179 


PEBD3DAY 


FIB 1. 


3164 


ISC3 


PIB1 . 


3175 


CHARSRV3 


PIB1. 


3176 


ELGREUP3 


PIB1 . 


3180 


FILEFLG3 


FIB2. 


3182 


FILEMTCH 


PI34. 


3166 


DOEYRDEP 


FIB1. 


3187 


DOEMTDEP 


PI31 . 


3188 


MNTHSDEP 


PIB1. 


3189 


SPFLGML 


PIB1 . 


3190 


DCPGYR 


PIB1. 


3191 


DCPGMNTH 


PIB1 . 


3212 


GCT 2. 


3214 ARI 2. 


3216 MECH 


2 . 


3218 


CLER 2. 


3220 AFCTS : 


2. 3222 PNEC $4. 


3227 


CTZNSHIP 


$ 1. 


3229 


PRIDEPND 


SI . 


3230 


3ECDEPND 


$1. 


323 1 


3RCL 


S2. 


32 53 


GROUFIND 


$ 1. 


323 4 


AUTHRATE 


34 . 


3240 


EDPGYR 


$4. 


3244 


SCHLCODE 


$1 . 


3245 


SCHLWVR 


SI. 


3246 


ASTAR 


$1 . 


3247 


TSSIND 


$ 1. 


3250 


PRESRATE 


34 . 


3254 


NUMPG1 


$ 1. 


3255 


PRRTA3R V 


S3. 


3258 


EXAMRATE 


S4. 


3262 


NUMPG2 


$1 . 


3263 


EXRTABRV 


S3. 


3266 


TOTLEAH 


3. 


3269 


STDNAVY 


2. 


327 2 


PRCODE 


S2. 


3274 


ALTPRCDE 


$2. 


3276 


FINLMULT 


5. 


3281 


FNMLTCUT 


5. 


3287 


PRPFACTR 


3 . 


3290 


AWIFACTR 


2. 


329 2 


CHNGRATE 


SI . 


3296 


RAT BIND 


$ 1. 


3297 


SPPROIND 


$1 . 


3298 


TYPENLST 


$2. 


3301 


MODEST 


$1 . 


3302 


NENLSTMT 


1. 


3303 


EAOS YYMMDD6. 


3309 


TAS 


$4. 


3313 


OAS 


$4 . 


3317 


Lose ODE 


$ 1. 


3318 


LOSWVR 


$1 . 


3319 


SIPG 


S4. 


3323 


TIRWVR 


SI . 


3324 


TIR 


$4. 


3336 


ADBD YYMMDD6. 


3343 


EDPG YY 


MMDD6. 


3349 


DTIS 


3. 


3352 


RECFORES 


1. 


33 5 6 


NCHANG3S 


3 . 


33 64 


AGE 


2. 


3386 


NHRCGCT 


2. 


3388 


NHRCAFQT 


2. 


3390 


MENTLGRP 


$1 . 


3391 


EDCERTIF 


$1. 


3392 


MOBLDSGN 


SI . 


3394 


HYNDPNDT 


2. 


3396 


GRP4PROG 


$2. 


3398 


SSDUTY 


$1. 


3399 


REGRESRV 


$1 . 


3400 


HYPAYGRD 


3 1. 


340 1 


NOTRCMD 


$1 . 


3402 


SSNCHNGE 


$ 1. 


3403 


TOTPROMO 


2. 


3405 


TOTLDEMO 


1. 


3406 


TOTLAWOL 


1 . 


3407 


TOTDESRT 


1. 


3408 


TCTMLTCN 


1 . 


3409 


TOTCVLCN 


1. 


3412 


LNGTHSRV 


S4 . 


3416 


SCREEN 


2. 


3418 


ATTRITCD 


$1 . 


34 19 


RECNTC 


3 1. 


3420 


RECSNLST 


$2. 


3422 


RECPROGM 


SI. 


342 3 


RECPRGSC 


$2. 


34 25 


RCPGSCRT 


$4. 


34 35 


ELSTHI3T 


SI . 


3436 


NDAYSE2 


4. 


3440 


NDAYSE3 


4. 


3444 


NDAYSE4 


4. 


3449 


DMDCRATE 


S3. 


3452 


DMDCNSC 


$4. 


345 6 


DMDCUIC 


S6 . 


3460 


EARNNEC 


S4. 3484 THAININD 31. 




3465 


STACTION 


$1. ; 








LABEL 










ENTRYAGE=AGE 


CF INDIVIDUAL AT TIME 


: OF ENT 


RECOFDID= RECO 


RE ID- 


- EXAM 


SCORE, DEP, ACTI 


HYEC 


= HIGHEST YEAR OF 


EDUCATION 


SEX 


= P) 


MALE, 


(2) FEMALE 




RACE 




WHITS, 


. i?) 1 


BLACK, (3) 


OTHER 



MBTLD?ND=MARITiiL STA TUS/DEPSNDENTS 
TESTFORM = TEST FOR M/E CFA , AS VAB , AF WST , AFQT , OS B 
AFCTFCNT=AFQT PERCENTILE (OR EQUIVALENT) 
AFQTGRPS = AFQT GROUPS (5 ,4B , 4 A , 3B , 3A , 2, 1 ) 

ASVAEGI =ASVAE APTITUDE AREA SCORE — SUBSCALE 



DUTY 



GI 



114 



AS'VABNO ^ 
ASVAEAD = 
ASVAEWK = 
ASVAEAR ■ 
ASVAESP : 
ASVAEMK = 
ASVAEEL = 
AS V A EMC = 
ASVAEGS ^ 
ASVAESI = 
ASVAEAI = 
3EEVACCS = 
PEIOBSRV= 
ASVAECM = 
ASVAECA = 
ASVASC2 = 
ASVAECC = 
TERMENLT = 
ENIRPAYG = 
PECGENLT = 
BCNUSOPT= 
EKLSTOPT = 
YCDIHPRG = 
TflPECATE = 
TRBNLMOS^ 
TAFMS1 
DPCC1 
DCCC1 
HYEC1 
PAYGRDE 1 = 
SERVICED 
MBTSTAT1 = 
NDPNDNT1- 
SPNSPD1 = 
ISCl 

SEPRT1YR = 
SEPRT1MT = 
SEPRTIDY^ 
EASD1YR : 
SASD1MTH = 
EASD 1DA Y^ 
STS 1 YEAR: 
ET SI MOTH: 
CHARSRV 1: 
ELGEEUP 1: 
PEED1YR : 
PEED 1MTH: 
PEED1DAY: 
EMTRYYR : 
ZNTRYMTH: 
ENTP.YDAY: 
SEPRT1YR: 
SEPRT1HT: 
SEPRTIDY 
BASD1YR : 
EASDIMTH^ 
EASD1CAY: 
ETS1 YEAR- 
ETS1MNTH: 
PE EDI YE : 
PEED1MTH: 
PEED IDA Y: 
EILEFLG1: 
PEED2YR ^ 
PEED2MTH: 
PEED2DA Y 
SEPRT2YR: 
SEPRT2MT: 
SEFRT2DY: 



:ASVAE APTITUDE 
ASVAE APTITUDE 
:ASVAB APTITUDE 
:ASVAE APTITUDE 
:ASVAE APTITUDE 
:ASVA£ APTITUDE 
:A3VAE APTITUDE 
ASVAE APTITUDE 
:ASVAE APTITUDE 
ASVAE APTITUDE 
:ASVAB APTITUDE 
SERVICE OF ACCESSION 
:PRIOE SERVICE (NON-PRiOR 

APTITUDE 

APTITUDE 
APTITUDE 
APTITUDE 



AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 

AREA 



SCORS--SUBSCALE NO 
SCORE — SUBSCALE AD 
SCORE--SUBSCALE WK 
SCORE — SUBSCALE AR 
SCORE — SUBSCALE S? 
SCORE — SUBSCALS KK 
SCORE--SUBSCALE SI 
SCORE — SUBSCALS MC 
SCORE — SUBSCALE GS 
SCORE — SUBSCALE SI 
SCORE — SUBSCALE AI 
iNAVY,2) 

" SERVICE, 1) 
AREA SCORE — SUBSCALE 
AREA SCORE — SUBSCALE 
AREA SCOES--SUBSCALE 
AREA SCORE — SUBSCALE 



CM 

CA 

CE 

cc 



ASVAE 
:ASVAB 
: ASVAE 
: AS V A B 

TERM OF ENLISTMENT (NO. OF YEARS) 

•ENTRY PAY GRADE (E00--O11) 

^PROGRAM ENLISTED FOR--SEfiVICS UNIQUE 
: BONUS OPTION, COMBAT OR NON-COMBAT 
^ENLISTMENT OPTION 

:YOUTH S RESERVE TRAINING PROGRAMS 
:MONTH OF FILE ON WHICH RECORD SUBMITTED 
=OCCUP. SPECIAL. /RATING CHOICE UPON ENTRY 
^MONTHS OF TOTL. ACTIVE FED. MILIT. SSRV. 
:D.O.D. PRIMARY OCCUPATION CODE 
:D.O,E. DUTY OCCUPATION CODE 
:HIGHEST YEAR OF EDUCATION 
:PAY GRADE A S-0 F-DATE-OF-FILE/SEPAR ATION 
^SERVICE CODE (2, NAVY) 

^MARITAL STATUS (1, OTHER, 2, MARRIED) 
:NUMBER OF DEPENDENTS (1, NONE) 

:SEPARATION PROGRAM DESIGNATOR 
•INTER-SERVICE SEPARATION CODE 
'YEAR OF SEPARATION (2ND DMDC SECTION) 
'MONTH OF SEPARATION (2ND DMDC SECTION) 
'DAY Cr SEPARATION (2ND DMDC SECTION) 

'YEAR OF ACTIVE DUTY BASS DATE 
'MONTH OF ACTIVE DUTY BASE DATE 
'DAY CF ACTIVE DUTY BASE DATE 
ESTIMATED YEAR OF FULFILLED ACTIVE DUTY 
'ESTIMATED MONTH OF FULFILLED ACTIVE DUTY 
'CHARACTER OF SERVICE 
'REENIISTMENT ELIGIBILITY 
'YEAR OF PAY ENTRY BASE DATS 
'MONTH OF PAY ENTRY BASE DATE 
'DAY CF PAY ENTRY BASE DATE 
'YEAR CF ENTRY TO ACT I V S/D. E. P . 

'MONTH OF ENTRY TO ACTIV E/D . E . ? . 

'DAY OF ENTRY TO ACTIV E/D. E. P. 

'YEAR OF SEPARATION (2ND DMDC SECTION) 
'MONTH OF SEPARATION (2ND DMDC SECTION) 
'CAY CF SEPARATION (2ND DMDC SECTION) 

'YEAR CF ACTIVE DUTY BASE DATE 

'MONTH OF ACTIVE DUTY BASE DATE 

'DAY OF ACTIVE DUTY BASE DATE 

'ESTIMATED YEAR OF FULFILLED ACTIVE DUTY 

'ESTIMATED MONTH OF FULFILLED ACTIVE DUTY 

'YEAR CF PAY ENTRY BASE DATE 

'MONTH OF PAY ENTRY BASE DATS 

'DAY CF PAY ENTRY BASE DATE 

'FILS FLAG NO. 1 

'YEAR CF PAY ENTRY BASE DATE 

'MONTH OF PAY ENTRY BASE DATE 

'DAY CF PAY ENTRY BASE DATS 

'YEAR OF SEPARATION (3RD DMDC SECTION) 

'MONTH OF SEPARATION (3RD DMDC SECTION) 

'DAY OF SEPARATION (3RD DMDC SECTION) 



EASD2YR =YEAH CF ACTIVE DUTY BASE DATE 
BASD2MTH=M0NTH OF ACTIVE DUTY BASE DATE 
EASD2EAY=DAY OF ACTIVE DUTY BASE DATE 
ETS2YEAR=ESTIMATED YEAR OF FULFILLED ACTIVE DUTY 
ETS2«NTH= ESTIMATED MONTH OF FULFILLED ACTIVE DUTY 
PFED2YR =YEAR CF PAY ENTRY BASE DATE 
PEBD2»TH=MONTH OF PAY ENTRY BASE DATE 
PEBD2DAY=DAY CF PAY ENTRY BASE DATE 
TAFMS2 =MONTHS OF TOTL. ACTIVE FED. MILIT. SERV. 
DPCC2 =D.O.C. PRIMARY OCCUPATION CODE 

DEOC2 =E.O.C. DUTY OCCUPATION CODE 

HYEC2 =HIGHEST YEAR OF EDUCATION 

PAYGREE2=PAY GRADE AS-OF-DATE-OF-FILE/SEPARATION 
SERVICE2=SERVICE CODE <2, NAVY) 

MRTSTAT2=MARITAL STATUS (1. OTHER, 2, MARRIED) 
NDENDNT2=NUMBEB OF DEPENDENTS (1, NONE) 

SPNSPD2 =SEPARATION PROGRAM DESIGNATOR 

ISC2 =INTER-SERVICE SEPARATION CODE 

CHARSRV2=CHARACTER OF SERVICE 

ELGREUP 2= RE ENLISTMENT ELIGIBILITY 

FILEFLG2 = FILE FLAG NO. 2 

PFED3YR =YEAR CF PAY ENTRY BASE DATE 

PEED3MTH = «ONTH OF PAY ENTRY BASE DATE 

PEED3DAY=DAY OF PAY ENTRY BASE DATE 

SEPRT3YR=YEAR CF SEPARATION (4TH DMDC SECTION) 

SSrRT3MT=MONTH 0? SEPARATION (4TH DMDC SECTION) 

SEPRT3DY=DAY CF SEPARATION (4TH DMDC SECTION) 

BASD3YR =YEAH OF ACTIVE DUTY BASE DATE 

BA£D3MTH=M0NTH 0? ACTIVE DUTY BASS DATE 

EASD3DAY=DAY CF ACTIVE DUTY BASE DATE 

ETS3YEAR=ESTIMATED YEAR OF FULFILLED ACTIVE DUTY 

ETS3MNTH=ESTIMATED MONTH OF FULFILLED ACTIVE DUTY 

PEED3YR =YEAR OF PAY ENTRY BASE DATE 

PEBD3MTH=M0NTH OF PAY ENTRY BASS DATE 

PEBD3DAY=DAY OF PAY ENTRY BASE DATE 

TAFMS3 ^MONTHS OF TCTL. ACTIVE FED. MILIT. SERV. 

TAFMS4 =MONTHS OF TOTL. ACTIVE FED. MILIT. SERV. 

DPCC3 =D.O.D. PRIMARY OCCUPATION CODE 

DCCC3 =D.O.D. DUTY OCCUPATION CODS 

HYZC3 =HIGHEST YEAR OF EDUCATION 

PAYGRDE3=PAY GRADE A S-OF-DATE-OF-FILE/SEPAR ATION 

SEBVICE3 = SERVICE CODE (2, NAVY) 

MRISTAT3 = MARITAL STATUS (1, OTHER, 2, MARRIED) 
NDENCNT3=NUMBEB OF DEPENDENTS (1, NONE) 

SFNSPD3 =SEPARATION PROGRAM DESIGNATOR 
ISC3 =INTEF-SERVI CS SEPARATION CODE 
CHARSRV3=CHARACTER OF SERVICE 
ELGREUP 3= RE ENLISTMENT ELIGIBILITY 
?ILEFLG3=FILE FLAG NO. 2 

FIIEMTCH=4-BYTS BINARY FILE MATCH INDICATORS 
DCEYHDEP=BOE YEAR INTO D.E.P. 

DCEMTDEP=DOE MCNTH INTO D.E.P. 

MNTHSDEP=MONTHS IN D.E.P. 

SPFLGML =SPANISH FLAG MASTER/LOSS 
CCPGMNTH=MONT K OF DCPG 
DCPGYR =YEAR CF DCPG 
GCT =EASIC BATTERY GCT 

AEI =BASIC BATTERY ARI 

MECH =EASIC BATTERY MECH 

CLER =BASIC BATTERY CLER 

PNEC =NAVY ENLISTED JOB CODE 

CTZNSHIP=CITI ZENSHI? CODE 
HBCL = tRANCH/CLASS 
GROOPIND=GROOP INDICATOR 
AOTHHATE= AUTHORIZED RATE (AB3R.) 

EDPGYR =EFFECIIVE DATE CF PAY GRADE 
SCHLCODS=SCHOCL CODE 
SCHLBVR =SCHOCI WAIVER 
PEESEATE=PRESENT RATE CODE 
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FRRTAER V=FRESEKT RATE (ABBR.) 

EXAMHATE= EXAMINATION RATE CODE 
EXBTABRV= EXAMINATION RATE (ABBR.) 

TCTLRAW =TOTAL RAW SCORE 
STDNAVY =STANDARDISED NAVY SCORE 
FBCODE =FEOC£SS CODE 
A1TPRCDE=ALTEENATE PROCESS CODE 
FINLKULT=CANDIEATE' • S FINAL MULTIPLE 
FNMLTCUT=FINAI MULTIPLE CUT 
PEFFACTR=PERFCEMANCE FACTOR 
AWIFACTR=AWI FACTOR 
CBNGBATE=CHANGE OF RATE INDICATOR 
NENLSTMT=NUMBER OF ENLISTMENTS 

SAOS =EXPIRATION OF ACTIVE OBLIGATED SERVICE 

TAS =TOTAI ACTIVE SERVICE 

CAS =OTHER ACTIVE SERVICE 

SIFG =SERVICE IN FAY GRADE 

LCSCCDE =LENGTH OF SERVICE 

LCSWVR =LENGIH OF SERVICE WAIVER 

TI5WVR =TIME IN RATE WAIVER 

TIR =TIME IN RATE 

AEED =ACTIVE DUTY BASE DATE 

EDPG =EFFBCTIVE DATE OF PAY GRADE 

DTIS =DRIL1 TIME IN SERVICE 

NCHANGES=NUMBER OF CHANGES/ENTRIES IN NHRC FILE 
AGE =CANDIEAT E’ ' S CURRENT AGE 

NHRCGCT =NHRC FILE"S GENRL. CLASSIFICATION TEST 
NHRCAFQT=NHRC FILE”S ARMED FORCES QUALIFY. TEST 
MEKTLGR?=MENTAI GROUP CODE 
EDCERTIF= EDUCATION CERTIFICATE 
MOBLDSGN=MILITARY OBLIGATION DESIGNATOR 
HYNDFNDT=HIGHEST NUMBER OF PRIMARY DEPENDENTS 
GFF4FEOG=GROUP IV (100K) PROGRAM CODE 
SSCUTY =SEA-SHORE DUTY INDICATOR 
REGRESRV=REGULAR RESERVE INDICATOR 
HYFAYGRD=HIGHEST PAY GRADE 

NOTECMD =NOT RECOMMENDED FOR RE- ENLISTMENT 
SSNCHNGE=SOCI AL S ECU RITY/NAME CHANGE 
TCTPROMO=TOTAI PROMOTIONS 
TCTLDEMO=TOT AL DEMOTIONS 
TCTLAWOL=TOTAI UA/AWCL 
TCTDESRT=TOT A1 DESERTIONS 
TCTMLTCN = TOTAl MILITARY CONFINEMENTS 
TCTCVLCN=TOT AL CIVILIAN CONFINEMENTS 
LNGTHSRV= LENGTH OF SERVICE 
SCREEN =SCREEN SCORE 
ATTRITCD=ATTRITION INDICATOR 
RSCNTC =RECRUIT NAVAL TRAINING COMMAND 
RECENLST= RECRUIT TYPE ENLISTMENT 
RECPRCGM=RECRUIT PROGRAM AT ENLISTMENT 
REC?RGSC=RECRDIT PRO GRA H/SCHOOL 
RCFGSCRT= RECRUIT PROGRAM/SCHOOL RATE 
ELSTHIST=SNLISTED HISTORY STATUS 
NEAYSE2 =COMPOTED NUMBER OF DAYS TO E-2 RATING 
NCAYSE3 =COMPDTED NUMBER OF DAYS TO E-3 RATING 
NEAYSE4 =COM?DTED NUMBER OF DAYS TO E-4 RATING 
DCLE1YR =YEAR CF LATEST RE-ENLISTMENT 
DCIE1MTH=MONTH OF LATEST RE-ENLISTMENT 
DCLE2YR =YEAR OF LATEST RE-ENLISTMENT 
DCLE2WrH=MONTH OF LATEST RE-ENLISTMENT 
DOLE3YR =YEAR CF LATEST RE -EN LIS TM ENT 
DCLE3MTH=MONT H OF LATEST RE-ENLISTMENT 
DMCCRATE=FINAI RATING AS LISTED BY D.M.D.C. 
DMECNEC =FINAL N.S.C. AS LISTED BY D.M.D.C. 
DMDCUIC =FINAL U.I.C. AS LISTED BY D.M.D.C. 
CCNVEATE=CONVENING DATE FOR NITRAS COURSE 
GRADEATE=GRADDATION DATS FOR NITRAS COURSE 
TRANEATE=TR ANSACTION DATE FOR NITRAS RECORD 
EARNNEC =DID CANDIDATE EARN AN NEC? 



I 

\ 



1 



TBflININD=TRAINING INDICATOR 

STACTION=STUDENT ACTION CODES (PASS, p, ETC.); 

IE DMDCRATE=' Sfi' OR PRRTABRV= ' 3H ' OR 

RCFGSCRT=’ 2490* OR EX A .1RATE= • 2 4 9 0 • ; 

FBCC FREQ; 

TABLES DMDCRATE PRRTABRV RCPGSCRT 

AUTHRATE PRESRATE EXAMRATE; 

TITLE ATTEMPT AT FORMING AN SH FILE; 

Z’* 

// 
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TABLE XXVII 



Program Listing of Stepwise Regression for SH 



//NESBITTS JOE (2 50 1 , 01 7 1 ) , • N S S3 ITT *,CLASS = C 
//*MAIN LINES= (25) ,0BG=NPGVH1 . 2501P 
// EXEC SAS 

//SAS.WOR ' ‘ , 



//FILEIN 01.NRATESH 

//SYSIN DO * 

OPTICNS LS=80 NOCENTER NODATE; 

CATA;SET FILEIN. NRATESH ; 



NUMBER OF YEARS OF EDUCATION IS CONVERTED FROM | 
ITS DMDC OREINAL CODING (1-13) TO A numeric. | 

;;F HYEC=1 then CHYEC=3.5;IF HYEC = 2 then CHYEC=8; 

IF HYEC=3 THEN CHYEC=9: IF HYEC=4 THEN CHYSC=10; 

IF HYEC=5 THEN CHYEC=11;IF HYEC=6 THEN CHYEC=12; 

IF HYEC=7 THEN CHYEC=13;IF HYEC=8 THEN CHYEC=ia; 

IF HYEC=9 THEN CHYEC=15:IF HYEC=10 THEN CHYEC=16: 

IF HYEC=11 THEN CHYEC=18;IF HYEC=12 THEN CHYEC=20; 
IF HYEC=13 THEN CHYEC=11.5; 



IF ENTRYAGE GE 35 THEN ENTRYAGE=35; 

IF ENTRYAGE >= 17;IF TOTPROMO<=5; 

IF SCHLCODE='A» THEN SCHLCODE= ' 1 * : 

ELSE SCHLCODE='0' ;NU SCHCDE=SCHLCODE+0; 
NUATTRIT=ATTRITCD+0; IF NUATTRIT=2 THEN 
NUATTRIT= 1; ELSE NUATTRIT-0; 

NDNOTRC=NOTRCMD+0 : 

NUHYPAY=HYP AYGRB+0; 

YEAR=SU3STR(LNGTHSR7,1,2) ; 

MCNTH=SUBSTR (LNGTHSR V,3,2) : 

YEARS=YEAR+0 ; MCNTHS= MONTH +0; 

LCSMNTHS= YEARS* 12 + MO NTHS; 

IF MONTHS >= 6 THEN YEARS=YSAR 3+ 1 ; 

0NEYEAR=0;IF LCSMNTHS >= 12 THEN ONEYEAR=1; 
TWCYEAR=0;IF LCSMNTHS >= 24 THEN TWOYEAR=1; 
THRYEAR=0;IF LCSMNTHS >= 36 THEN THRYSAR=1; 
FORYEAR=0;IF LCSMNTHS >= 48 THEN FORYSAR=1; 

LABEL LOSMNTH£=TOTAL LOS IN MONTHS (NUMERIC) ; 

♦ — — — 

I the highest paygrade is derermined 1 

IF FILSFLG1 = 8 209 THEN P AYGRADE=PAYGRDE 1 ; 

IF FILEFLG1 NE 8209 THEN PAYGR ADE=P AYGRDE3 ; 

IF PAYGRADE>=2 THEN NDAYSE22=N DAYSE2 ; ELSE NDAYSE22=0 
IF PAYGRADE>=3 THEN ND A YS E23= N DA YSE3 ; ELS E NDAYSE23=0 
IF PAYGRADE>=4 THEN NDAYSS24=N DA YSE4 ; ELSE NDAYSE24=0 
IF NEAYSE22=0 THEN N DAY3E22=1 2 75 ; 

IF NCAYSE23=0 then N DAYSE23=1 461 ; 

IF NCAYSS24=0 then N DAYSE24=1 750 ; 

TIMES2=0.; 

TIMEE3=0 . ; 

TIMEE4=0.: 

TIMES2= (ROUND ( { ( NDA YSS 22) / (3 6 5/ 1 2) ) *1 0) /I 0) ; 

TIMEE3= (ROUND ( (NDA YSE23) / (36 5/ 1 2) ) *10)/10 ; 

TIMEE4= (ROUND ( ( (NDAYSE24) / (3 6 5/ 1 2) ) * 1 0) /I 0) ; 

LABEL 

TIMEE2 =ROUNDED NUMBER OF MONTHS TO S2 

TIMEE3 =ROUNDED NUMBER OF MONTHS TO E3 

TIMEE4 =RODNDED NUMBER OF MONTHS TO S4; 



// 




VALIDITY VALUE SCREENS 



I DEFINES "ELIGIBILITY TO RE-ENLIST".| 
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IF PILEFLG1 =8209 THEN ELIGREUP=1 ; 

IP ffFILEFLGI NE 8209) AND (ISC3 GT 0) AND 
(E1GRE0P3 EQ 1)) THEN E LIG REU P = 1 ; EL SE ELIGREU? = 0; 

* 

I defines "ACHIEVED E-U", IN JOINT | | 

I CONSIDERATICN OF THE D.M.D.C. AND N.H.R.C. | 

IF ((PAYGRADE GE 4) AND (HYPAYGRD GE 4)) THEN ACHVDE4=1 
IF nPAYGRADE LT 4) OR (HYPAYGRD LT 4)) THEN ACHVDE4 = 0 ; 

defines "RATED" VERSUS "NOT -RATED". | 

IF ( (DMDCRATE NE *.') AND fDMDCRATE NE ' ') 

AND (SERVACCS EQ 2) AND (SSRVICE1 EQ 2) AND 
((PAYGRADE GE 4) AND (HYPAYGRD GE 4))) THEN 
FATED=1;ELSE RATSD=0; 

* 

I eliirdnatas invalid asvab subseals scores | 

IF ASVABGK = 1 5;IF AS VAB N0<=50 ; IF ASVABAD<=36; 

IF ASVABMK<=30;IF AS VAB AR<=20 ; IF A3VABSP<=20; 

IF ASVA3MK< = 20;IF AS VABEK=30 ; I? ASVABMC< = 30; 

IF ASVABGS< = 20;IF AS VABSK=20 ; IF ASVABAK=20; 

IF ASVABCM<=30;IF AS VABCA<=20 ; IF ASVABCE<=30; 

IF ASVA3CC<=30; 



es‘ 


tablishes entry groups: 








entry 


exam 


dm dc 


U] 


1 yes 


yes 


yes 




ye s 


yes 


no’" 


(3 


1 yes 


no 


yes 




1 ye s 


no 


no 




no 


yes 


yes 




1 no 


yes 


no 


7^ 


1 no 


no 


yes 



IF (RCPGSCRT= '2490' AND EX AMR AT3= ' 2490 • 

AND DMDCRATE='SH' I THEN ENTRYGRP = 1: 

IF (RCPGSCRT= '2490' AND EXAMRATE=' 2490 ' 

AND DMDCRATE NE * SH' ) THEN SNTRYGR?=2: 

IF (RCPGSCRT= '2490' AND EXAMRATS NE '2490' 

AND DMDCHATE='SH ') THEN SNTRYGRP=3; 

IF (RCPGSCRT= '2490' AND EXAMRATE NE '2490' 

AND DMDCRATE NE 'SH') THEN SNTRYGRP=4; 

IF (RCPGSCRT NE ' 249 0' AMD EX A MR ATE= ' 2490 ' 

AND DMDCR ATE= 'SH' ) THEN SNTRYGRP = 5; 

IF (RCPGSCRT NE ' 2490' AND EX AMR ATE= ' 2 490 ' 

AND DMDCRATE NE »SH') THEN ENTHYGRP=6; 

IF (RCPGSCRT NE '2490' AMD EXAMRATE NE '2490' 

AND DMDCRATS='SH') THEN ENTRYGRP=7; 

♦ — 

NEW VARIABLE "DEPNDNTS" | 

;:f MRTLDPND=10 then DEPNDNTS=0: 

IF MRTLDPND GT 10 THEN DSPNDNTS=1; 

GOCDGUY=20: 

IF LCSMNTHS < 48 THEN GOODGUY =10; 

IF LCSMNTHS >= 48 AND RATSD=1 
AND ELIGREUP=1 THEN GOODGUY =30; 

EADGUY=30 ; 

IF LCSMNTHS < 48 AND (ISC3 <=87 AND 
ISC3>=60) THEN BADGUY =10; 

I? LCSMNTHS < 48 AND TOTLAWOL > 0 THEN BADGUY =10 

IF LCSMNTHS < 48 AND TOTDESRT > 0 THEN BADGUY =10 

IF LCSMNTHS < 48 AND TOTMLTCN > 0 THEN BADGUY =10 

IF LCSMNTHS < 48 AND TOTCVLCN > 0 THEN BADGUY =10 

IF LCSMNTHS < 48 AND BADGUY=30 THEN BADGUY =20; 
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I? LCSHNTHS >= 48 AN 
IF LCSHNTHS >= 48 AN 
LABEL 

DFFNENTS=SINGLE, NO 
CHYEC =CONVEETED N 
NUHYFAY =NHEC FILS — 
NDSCHCDE=ADVA NCEMENT 
NUATTEIT=NHHC FILE-- 
NUNCTEC =NHRC--NOT H 
NCAYSE22=SCREENED NU 
NEAYSE23=SCREEKED NU 
NEAYSE24=SCREENED NU 
ELIGREUP=ELIGISLE TO 
ATTRITC2=DMDC-EASED 
AITRITC3=DMDC-BASED 
PAYGEADE = EHDC-EASED 
ACHVDE4 =DMDC S NHEC 
RATED =ACCESSED & 
ENTRYGRP=7 ENTRY GRO 
IF ENTRYGEP NE 4; 

RANDNUM1=FCUND(2 
IF RANDNUM1=0 THEN 
IF BASD1YH <= 78 OR 
ENTRYGRP NE 4; 



TOTLDEHO 

ELIGREUP 



> 0 THEN 
= 0 THEN 



BADGUY =20 
3ADGUY =20 



SELECTS ONLY MALES 



IF 

IF ISC1 > 16 OR ISC1 
IE ISC2 > 16 CE ISC2 
IF ISC3 > 16 OR ISC3 
IF ISC1 > 33 OR ISC1 
IF ISC2 > 33 OR ISC2 
IF ISC3 > 33 OR ISC3 
IF ISC1 > 42 OR ISC1 
IF ISC2 > 42 CR ISC2 
IF ISC3 > 42 OR ISC3 
IF SEX=1 ; * 

FFCC SORT; 

BY RACE: 

PECC STEPWISE; 

g V g 2 • 

MODEL l6sMNTHS GOOD 
AFQTGRPS ASVA3GI A 
ASVAEAE ASVABSP ASVA 
ASVABSI ASVABAI AS 
ENTRYAGS CHYEC ENT 
SCREEN DEPNDNTS/ST 
TITLE STEPWISE SEL 
BY RACE SH SAMPLE; 

// 



KIDS O/OTHERS 1 
UMBER OF YEARS OF 
HIGHEST PAYGRADE A 
FILE--” A'' SCHOO 
ATTRITION CODES 
ECOMMENDED FOR RE- 
MBER OF DAYS TO E- 
MBER OF DAYS TO E- 
M3ER OF DAYS TO E- 
RE-ENLIST 

STANDARD ATTRITION 
NEGATIVE ATTRITION 
HIGHEST PAY-GRADS 
CONCORDANT E-4 AC 
MOST RECENTLY NAVY 
UPS, NHRC/SXAMRATE 

♦UNIFORM (12354)) ; 
RANDNUM1=2 ; 

(BASD1YR = 78 AND 



EDUCATICN 
TTAINSD 
L COMPLETED 

ENLISTMENT 

2 

3 

u 

MEASURE 
MEASURE 
ATTAINED 
HISVED 
“MADE E-4 
/DMDCRATE; 



3ASD1MTH <= 9) 



< 

< 

< 

< 

< 

< 

< 

< 

< 



10 

10 

10 

30 

30 

30 

40 

40 

40 



MEDICAL 

MEDICAL 

MEDICAL 

DEATHS 

DEATHS 

DEATHS 

OFFICER 

OFFICER 

OFFICER 



DISCHARGES; 
DISCHARGES ; 
DISCHARGES: 
DISCHARGEES 
DISCHARGEES 
DISCHARGEES 
ENTRANTS ; 
ENTRANTS ; 
ENTRANTS ; 



GUY BADGUY= AFQTPCNT 
SVA3N0 ASVA3AD ASVABWK 
BMK ASVABEI ASVABHC ASVABGS 
VABCM ASVABCA ASVA3CE ASVA3CC 
RPAYG MRTSTAT1 
EPWIS E ' 

ECTION’oF PREDICTORS 
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TABLE XXVIII 

Program Listing to Output 5 Cross Validate 



//NESEITIS JOB (2501, 
//=»MATN LIilES= (25) ,OR 
// EXEC SAS 
//SAS.WORK DD SPACE=( 
// DISF=(NEW, 

//fILEIN DD DISP=SHR 
//FT31F001 DD DNIT=33 
// DISP=(NEW,CATLG 
// DCB= (RECFM=FB 

//FT32F001 DD UNIT=33 
// DISP=(NEW,CATLG 
// DCE= (RECFM=FB 

//FT33F001 DD DNIT=33 
// DISP=(NEW,CATLG 
// DCB= (RECFM=FB 

//FT34F001 DD 0NIT=33 
// DISP = (NEW,CATLG 
// DCE= (HECFM=F3 

//SYSIN DD * 
data;s6t filein.nrate 
ONEYSAR=0;IF LCSMNTHS 
TWCYESR=0;IF LCSMNTHS 
THFYEAR=0;IF LCSMNTHS 
FOEYEAR=0;IF LCSMNTHS 
IF SEX=1 ; ♦ SELECTS ON 
DATA TRIALDAT: SET DA 
IF EACE>=0;* SELECTS 
DATA DIFFRNTZ; SET TR 
DATA CERI78;SET DIFFR 
DATA VALID8;SST DIFFR 
PROC REG DATA = DSRIV8 
LCSMNTHS=ENTRYAGE AS 
SCREEN MRTSTAI1 ENTR 
ASVABCC ASVABMC ASVA 
TITLE MODEL ALL SHS F 
PRCC REG DATA = VALID8 
LCSMNTHS=ENTRYAGE AS 
SCREEN MRTSTAT1 ENTR 
ASVABCC ASVABMC ASVA 
TITLE MODEL ALL SHS F 
PROC SCORE OUT=E01PRE 
EATA=VALID8 PREDICT ; 
ASVAECA SCREEN MRTST 
ASVABCC ASVABMC ASVA 
PRCC SCORE OUT=E02PRE 
EATA=CERIV8 PREDICT ; 
ASVAECA SCREEN MRTST 
ASVAECC ASVABMC ASVA 
PRCC CCRR DATA = 301PRE 
LCSMNTHS LO 
TITLE ALL SHS FIRST 
PRCC CORK DATA = E02PRS 
LCSMNTHS LO 
TITLE ALL SHS SECON 
PRCC SCORE OUT=ALLPRS 
EATA=DIF?RNTZ PREDICT 
ASVAECA SCREEN MRTST 
ASVABCC ASVABMC ASVA 
PROC SCORE OOT=TWOPRS 
EATA=allpred PREDICT; 
ASVAECA SCREEN MRTST 
ASVABCC ASVABMC ASVA 
DATA TABLEjSET TWOPRE 
?RCICTOR= (LOSM IHAT+LO 



C17 1) , 'NESBITT 
G = NPGVM1. 2501P 

CYL, (25,50) ) , 
DELETE, DELETE) 
,DSN=MSS. S2501 . 
30V,MSVGP=PUB4Z 
) ,DSN=MSS. S2501 
,LRECL=80 , BLKSI 
30V,MSVGP=?QB4Z 
) ,DSN = MSS. S2501 
,LRECL=80, BLKSI 
30V,MSVGP=PUB4Z 
) -DSN = MSS . S2501 
.LRECL=80 , BLKSI 
30V,MSVGP=PUE4Z 
) ,DSN=MSS . S250 1 
,LRECL=80, BLKSI 



* ,CLASS=C 



NRATESH 

!shlmn, 

ZE=312U) 



. shlwh. 

ZE=312'J) 



•SHLBL. 

ZE=3120) 

ISHLOT. 

ZE=3120) 



Ui 

>= 


12 


THEN 


ONSYEAR=1 


>= 


24 


THEN 


TWOYEAR= 1 


>= 


36 


THEN 


THRYEAR=1 


>= 


48 


THEN 


FORYEAR= 1 



LY MALES; 

TA1 ; 

ALL RACES; 

I ALDAT • 

NTZ;IF’rANDNUM1>1; 

NTZ;IF RANDNUM1=1; 

SIMPLE OUTEST=B01; LOSM1HAT;MCDZL 
VABGI ASVABAI ASVABCA 
PAYG ASVA3GS ASVABAD 
BAR AFQTGRPS DEPNDNTS/ST3 ; 

CR TOTAL LOS SAMPLE ONE; 

SIMPLE OOTEST=B02; LOSM2HAT: MODEL 
VABGI ASVABAI ASVAECA 
PAYG ASVABGS ASVABAD 
EAR AFQTGRPS DEPNDNTS/ST E ; 

CR TOTAL LOS SAMPLE TWO; 

D TYPE=OL3 SCORE=B01 
VAR ENTRYAGE ASVABGI ASVABAI 
ATI ENTRPAYG ASVABGS ASVAEAD 
BAR AFQTGRPS DEPNDNTS; 

D TY?E=OLS SCORS=B02 
VAR ENTRYAGE ASVABGI ASVABAI 
ATI ENTRPAYG ASVABGS ASVABAD 
BAR AFQTGRPS DEPNDNTS; 

D; VAR 
SMI HAT; 

VALIDITY COEFFICIENT; 

D; VAR 
SM2HAT ; 

D VALIDITY COEFFICIENT; 

D TYPE=OLS SCORE=B01 
; VAR ENTRYAGE ASVABGI ASVABAI 
ATI ENTRPAYG ASVABGS ASVAEAD 
BAR AFQTGRPS DEPNDNTS; 

D TYPE=OLS SCORE=302 
VAR ENTRYAGE ASVABGI ASVABAI 
ATI ENTRPAYG ASVABGS ASVAEAD 
BAR AFQTGRPS DEPNDNTS; 

D; 

SM2HAT)/2; 
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FHCC SORT; BY PRDICTOR; 

TITLE SORTING BY PRDICTOR FOR ALL SH MEN; 

DATA STORE;SET TABLElFILE FT31F001; 

PUT (FORYEAR PRDICTOR THBYEAR RACE) (10.7) ; 

DATA TEIALCAT; SET DATA1; 

IF SACE=1;* SELECTS WHITES SHS ; 

DATA DIFFRNTZ: SET TRIALDAT; 

BATA EERIV8;SET DIFFRNTZ;IF RANDNUM1>1; 

DATA VALID8;SET DIFFRNTZ;IF RANDKUM1=1; 

PRCC REG DATA=DERIV8 SIMPLE OUTEST = BO 1 ; LOS M 1 HAT : MOD EL 
LCSMNTHS=ENTRPAYG AS7ABGI AS7ABAI ASVABMC SCREEN 
MRTSTAT1 AFQTGBPS DEPNDNTS/ STB; 

TITLE MODEL WHITE SHS FOR LOS SAMPLE ONE: 

PHOC REG DATA=7ALID8 SIMPLE OUTEST=B02; LOSM2HAT: MODEL 
LCSMNTHS=ENTREAYG AS7ABGI AS7ABAI AS7ABMC SCREEN 
MRTSTAT1 AFQTGRPS DEPNDNTS/ STB; 

TITLE MODEL WHITE SHS FOR LOS SAMPLE TWO; 

PROC SCORE OUT=B01PRED TYPE=OLS SCORE=B01 
DATA=7ALID8 PREDICT ; 7AR ENTRPAYG AS7A3GI AS7ABAI 
ASVABMC SCREEN MRTSTAT1 AFQTGRPS DEPNDNTS; 

PROC SCORE OUT=E02PRED TYPE=OLS SCORE=B02 
DATA=DERIV8 PREDICT ; VAR ENTRPAYG ASVABGI AS7AEAI 
ASVABMC SCREEN MRTSTAT1 AFQTGRPS DEPNDNTS; 

PROC CORR DATA=E01PRED;VAR 

LOSHNTHS LOSM1HAT; 

TITLE WHITES FIRST VALIDITY COEFFICIENT; 

PRCC CORE DAT A = E02PRSD;VAR 

LOSMSTHS LOSM2HAT; 

TITLE WHITES SECOND VALIDITY COEFFICIENT; 

PROC SCORE 0(JT = ALLPRED TYPE=OLS SCORE=B01 
CATA=CIFFRNTZ PREDICT : VAR ENTRPAYG ASVABGI ASVABAI 
ASVABMC SCREEN MRTSTATl AFQTGRPS DEPNDNTS; 

PRCC SCORE OOT=TWOPRSD TYPE=OLS SCORS=802 
CATA=all?red PREDICT ; VAR ENTRPAYG ASVABGI ASVABAI 
ASVABMC SCREEN MRTSTATl AFQTGRPS DEPNDNTS; 

DATA TABLEjSET TWOPRED; 

PRBICTCR= (LOSM 1HAT+LOSM2HAT) /2; 

PRCC SORT: BY PRDICTOR; 

TITLE SORTING BY PRDICTOR FOR WHITE SH MEN; 

DATA STORE;SST TABLE; FILE FT32F001; 

PUT (FORYEAR PRDICTOR THBYEAR RACE) (10.7) ; 

DATA TRIALDAT; SET DATA1; 

IF RACE=2:* SELECTS BLACKS ; 

DATA DIFFRNTZ; SET TRIALDAT; 

DATA CERIV3;SET DIFFRNTZ;IF RANDNUM1>1; 

DATA VALID8;SET DIFFRNTZ;IF RANDNUM1=1; 

PRCC REG DATA=CSRIV8 SIMPL E OU T ES T = B0 1 ; LOS M 1 H AT : MCD EL 
LCSMNTHS= ASVAECA SCREEN MRTSTATl ASVABCC AFQTGRFS/ST3 
TITLE MODEL SH BLACKS FOR LOS SAMPLE ONE; 

PRCC REG DATA=VALID8 SIMPLE OUTEST=B02; LOSM2HAT: MODEL 
LCSMNTHS= ASVAECA SCREEN MRTSTATl ASVABCC AFQTGRPS/STB 
TITLE MODEL SH BLACKS FOR LOS SAMPLE TWO; 

PRCC SCORE OUT=E01PRED TYPE=OLS SCORE=B01 
CATA=VALID8 PREDICT; VAR ASVABCA SCREEN 
MRTSTATl ASVABCC AFQTGRPS: 

PROC SCORE OUT=£02?RED TYPE=OLS 3CORE=B02 
DATA=BERIV8 PREDICT; VAR ASVABCA SCREEN 
MRTSTATl ASVABCC AFQTGRPS; 

PRCC CORR DATA = E01 PRED; VAR 

LOSMNTHS LOSM1HAT; 

TITLE BLACKS FIRST VALIDITY COEFFICIENT; 

PRCC CORR DATA=B02PRED; VAR 

LOSMNTHS LOSM 2 HAT; 

TITLE BLACKS SECOND VALIDITY COEFFICIENT; 

PRCC SCORE OUT=ALLPRED TYPE=OLS SCORE=B01 
DATA=DIFFRNTZ PREDICT; VAR ASVABCA SCREEN 
MRTSTATl ASVABCC AFQTGRPS; 

PROC SCORE OUT=TWOPRED TYPE=OLS SCORE=B02 
DATA=ALLPRED PREDICT; VAR ASVABCA SCREEN 
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SH MEN 



LOS 


Ml HAT: 


MODEL 


MC 


ENTRYAGE 


NE; 






LOS 


M2HAT: 


MODEL 


MC 


ENTRYAGE 


WO; 






01 






VA3 


AR 





MHISTAT1 ASVABCC AFQTGRPS; 

CATA TABLE;SET TWOPRED; 

PRDICTOR= (LOSM1HAT+LOSM2HAT) /2 ; 

PRCC SORT; BY PRDICTOR; 

TITLE SORTING BY PRDICTOR FOR BLACK 
DATA STORE;3ET TABLE;FILE FT33F001; 

PUT (FORYEAR PRDICTOR THRYEAR RACE) (10.7) 

DATA TRIALDAT; SET DATA1; 

IF RACE=3;* SELECTS OTHERS SHS; 

DATA EIFFRNTZ; SET TRIALDAT; 

DATA CERIV8;SET DIFFRNTZ;IF RANDNUM1>1; 

DATA VALID8:SET DIFFRNTZrlF RANDNUM1=1; 

PROC REG DATA=DERIV8 SIMPLE OUTEST=B01 
LCSMNTHS= ASV AEGI ASVABAR ASVABGS ASVA 
ASVABAD/ STE: 

TITLE MODEL OTHERS SHS FOR LOS SAMPLE 
PRCC REG DATA=VALID8 SIMPLE OUTEST=B01 
LCSMNTHS= ASVABGI ASVABAR ASVABGS ASVA 
ASVABAD/ STE: 

TITLE MODEL OTHERS SHS FOR LOS SAMPLE 
PRCC SCORE OUT=E01PRED TYPE=OLS SCORE=B01 
DATA=VALID8 PREDICT ; VAR ASVABGI 

ASVABGS ASVABMC ENTRYAGE ASVABAD; 

PROC SCORE OOT=E02PRED TYPE=OLS SCORE=B02 
EATA=DERIV8 PREDICT ; VAR ASVABGI ASVABAR 

ASVABGS ASVABMC ENTRYAGE ASVABAD; 

PRCC CORR DATA=E01PRED; VAR 

LOSMNTHS LO SHI HAT; 

TITLE OTHERS FIRST VALIDITY COEFFICIENT; 

PRCC CORR DATA=E02PRED; VAR 

LOSMNTHS LOSM2HAT; 

TITLE OTHERS SECOND VALIDITY COEFFICIENT; 

PRCC SCORE OOT=ALLPPED TYPE=OLS SCORE=B01 
DATA=DIFFRNTZ PREDICT ; VAR ASVABGI ASVABAR 
ASVABGS ASVABMC ENTRYAGE ASVABAD; 

PRCC SCORE OUT=TWOPRED TYPE=OLS SCORE=B02 
DATA=ALL?RED PREDICT ; VAR ASVABGI ASVABAR 
ASVABGS ASVABMC ENTRYAGE ASVABAD; 

DATA TABLE;SET TWOPRED; 

?RDICTOR= (LOSM1HAT+LOSM2HAT) /2 ; 

PRCC SORT; BY PRDICTOR; 

TITLE SORTING BY PRDICTOR FOR OTHER SH MEN; 
DATA STORE;SET TABLE; FILE FT34F001; 

PUT (FORYEAR PRDICTOR THRYEAR RACE) (10.7) ; 

/* 
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TABLE XXIX 



Program Listing of FOHTRAH Program for Cut-offs 



10 

20 



50 



109 



31 



33 



REAL PASS (4000) ,SC 

* RETURN (3,4000 

* SUCALL (3) , RAC 

* UTILSF (2) , SCO 

* S (4000) ,R(400 
EATA UTILSP/-9244. 
EATA UTILSF/14495. 
SINGLE=3. 

C=55. 0 
E = 25. 0 

CO 100 J=1,3 
1=1 

EASSA=0 .0 
PASSB = 0 .0 
FAILA=0.0 
FAILB = 0 .0 
PASS(I) =0. 0 
SCORE (J ,1) =30.0 
EETORN (J, I) =0.0 
RETURN ( J.I+ 1) =0 .0 
RACE(I) =0. 0 
FORMAT (4F10.7) 

1=1 + 1 

EEAD(J, 10,END=50) P 

P 

PASSA=PASSA+PASS (I 
GO TO 2 0 
CONTINUE 
NPLOT (J)=I-1 
GTOTAL=I-2 
FAILA=GTOT AL-PASSA 
X=PASSA*UTILSF(2) + 
X=X+FAILA*UTILSF(2 
BASEUT=X/GTCTAL 
N= NPLOT (J) 

WRITE (6,109) 0,GTOT 
FORMAT (14 ,F 10. 3, FI 
DO 40 x=2,N 
IF (PASS(I) ) 31 ,31 ,32 

ra=i?6TT r 



ORE (3,400 0) , PAS ST (400 0) , 



) ,TOTRET (3 ,3) ,NPLOT(3) 
E (4 000),, SHALL p) ,UTI‘ 
MAX f3,2[,TOTSC (3,3) , 

0) ,TMS(3) ,TMR (i) 
.18488.0/ 

0,- 14495./ 



,UTILSF (2) 



ASS (I) , SCORE (J, I) , 
A3ST(I) ,RACS (I) 



PASSB*UTILS? (1) 

) +FAILB*UTILSF (1) 



AL, EASEUT, N 
0.2 ,18) 



77 



25 

34 



53 

38 



FAIL3=FAlLB+1 
FAILA=FAILA-1 
GO TO 3 3 
FASSB = PASS3 + 1 
FASSA=PASS A-1 
X=FASSA*UTILSP(2) + 
X=X+FAILA*UTILSF (2 
X=X/GTOTAL 
IF (BASEUT. NE.0.0) 
EASEUT=X 

IF (X.NE. 0.)GO TO 
RETURN (J,I+ 1)=0. 

GO TO 2 5 

RETURN ( J,I+ 1) =1 00* 
IF (BASEUT. GT.O. 0)_G 
RETURN (J,I+ 1) =-RST 
IF (I . SO. 2) GC TO 3 
IF (RETURN (J,I+ 1) . 
SCCMAX (0,2) =BETURN 
SCCMAX (J, 1) =SCORE ( 
SHALL (J)= ( (FASSA+F 
IF (SRALL(J) .GT.O. 
SUCALL ( J) =0 .0 
SUCALL (J) = ( (PASSA) 
IF (RETURN (J, I) .GT 



?ASSB*UTILSP (1) 

) +FAIL3*UTILSF (1) 

GO TO 77 

77 



(X-BASEUT) /(BASEUT) 

0 TO 25 
URN (J, 1+1) 

LT. SCOMAX (J, 2) ) GO TO 38 

(O/I) 

J,I) 

AILA) /GTOTAL) *100 
0) GO TO 5 3 

/ (PASSA + FAILA) ) * 100 
.-20.0) GO TO 40 



00 10 
00 20 
00 30 
00 40 
0050 
00 60 

00 70 
00 80 
0090 
C100 

01 10 
01 20 
0130 
01 ao 
01 50 
0160 
01 70 
01 80 

01 90 
0200 

02 10 
02 20 
0230 
0240 
02 50 
0260 
0270 
0280 

02 90 
0300 

03 10 
0320 
0320 

03 40 
0350 
0360 
0370 
0380 
0390 

04 00 
04 10 
04 20 
0430 
0440 
04 50 
0460 
0470 
04 80 

04 90 
0500 

05 10 
0520 
0530 
05 40 
0550 
0560 
0570 
05 30 

05 90 

06 00 
06 10 
06 20 
06 30 
06 40 
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40 



100 



EETURN (J,I) 
CONTINUE 
TOTSC (J,1 
TOTSC (J ,2 
TOISC (J , 3 , 
TOTEET <J, 1 
lOTRET (J,2 
TOTEETjj, 3 
E = E “4 . 5 
CONTINUE 
CALL TEK618 
CALL BLOWUP 
CALL MX1ALP 
CALL MX2ALF 
CALL YTICKS 
CALL XTICKS 
CALL PAGE 
CALL AREA2D 
CALL XNAME 



=- 20.0 

SCOMAX { 
SCOMAX ( 
D 

=- 20.0 
=SCO MAX 
= E 



J, 1) 

J, 1) 



Nr 2) 




CARD ','/•) 
TD' , • +•) 



/0+FF ON /P+REDICTOR 

/E+QUATION* ,36) 
ENTAGE /C+HANGE 
ROM /B+ASE /R + ATE' ,39) 
+EN ON /LOS 
C+RITERION* ,26,-1 .,3) 
CALL HEADIN ('R+ACE /S+PECIFIC 

/S+ ELECTION* ,28,-1 .,3) 
/A + LL /SH M + EN‘ ,19,-1 
,-20,10,30) 



CALL YNAME ('P+ERC 

* F 

CALL HEADIN (»SH M 

* 



CALL HEADIN 
CALL GRAF ( 
DO 200 J=1, 
N = NPLOT (J) 
DO 150 1=1, 
= SCORE j 



(•P+OR 

30,5,70 



r3) 



S(I|=S 



150 



155 

160 



RETUR 
GT. 3) 
IMS (I) =TOTS 
TMR (I) =TOTR 
CONTINUE 
IF (J.EQ. 1) 
IF J.EQ. 2) 
CALL DASH 
GO TO 1 60 
CALL DOT 
CALL CURVE 
CALL CURVE 
CALL HEIGHT 
CALL RLMESS 



3.2) 



120 

110 

130 



200 



IF (J. 

IF (J.EQ. 
CALL RLMESS 
GO TO 1 30 
CALL RLMESS 
GO TO 1 30 
CALL RLMESS 
CALL RLREAL 

CALL RLMESS 
CALL RLREAL 
CALL RLMESS 
CONTINUE 
D=5.0 
E=-5. 0 
CALL RLMESS 
CALL RLMESS 



N 

J,I) 
(J/I) , 

GO TO 1 
C (J, I) 
ET (J,I) 

GO TO 1 
GO TO 1 



(S,R,N, 
(IMS ,TM 
(.09) 
(»M + AX 

GO TO 
GO TO 
(•0+TH 



50 



60 

55 



0 ) 

H,3,0) 

IMUM /R+ETURN: * , 19, 

TOTSC (J,3) ,TOTRET (J,3) ) 

120 

ERS ' , 7, • ABUT* , • ABUT* ) 



(»B+LACKS',7,'ABUT* ,' ABUT*) 
TES • .7, * ABUT* , ' ABUT* ) 



(• W+HI 
(SCOMA 
TOT 

(’ r M 
(SCOMA 

(*%*,1 



(’SELE 

(*PERC 



DO 30 0 J=1,3 
D = C-2. 0 
E=E-2. 0 

IF (J.EQ. 1) GO TO 



t • i iiOUx f ) 

X(J^h,2, 

sc (d,3) +2. ,TOTRST(J,3) -2. 
,*A3UT* ABUT’) 

X (J,2) ,2, • ABUT* , ’ABUT’ ) 

,* ABUT*, 'A BUT') 



CTION RATIOS: ', 17, 55.0, D) 
ENTAGE SUCCESSFUL:', 

22, 55.0,E) 



310 



0650 
06 60 
06 70 
06 80 

06 90 

07 00 
07 10 
07 20 
07 30 
0740 
0750 
0760 
0770 

07 80 
0790 

08 00 
0810 
08 20 
0830 
0840 
0850 
0860 
0870 
08 80 
0890 
09 00 
0910 
09 20 
09 30 
09 ao 
09 50 
0960 
0970 
0980 

09 90 
1000 
1010 

10 20 
1030 

10 40 
1050 
1060 
1070 
10 80 
1090 
1100 

1 1 10 
11 20 
1130 
11 40 
1150 
1160 
11 70 
1180 

11 90 
1200 
1210 
1220 

12 30 
1240 
1250 
1260 
1270 
1280 
1290 

13 00 
13 10 
1320 
1330 
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IF (J.EQ. 2) GO TO 320 1340 

CALL RL«ESS (' 0+THER /G+ROUP ; ' , 1 8 , 55 . 0 , D) 1350 

CALL REALNO (SR ALL (J) , 1 , • AB UT' , ' A 8UT M 1360 

CALL RLHESS ( * % • , 1 , • A BUT ’ , * A BUT ’ ) 1370 

CALL RLMESS |» 0+THER /G+ROOP : • , 18 , 55 . 0 , E) 1380 

CALL REALNO (SO CAL L ( J) , 1 , ' AB UT • , ' ABUT’ ) 1390 

CALL RLMESS 1 ABUT ABUT • ) 1400 

GO TO 3 00 14 10 

320 CALL RLMESS (’ B+LACK /G+ROUP ; • , 18 ,55 . 0 , D) 1420 

CALL REALNO (SR ALL (J) , 1 ABUT* ,* ABUT ’) 1430 

CALL RLMESS (•%', 1 ABUT' ABUT* ) 1440 

CALL RLMESS (' B+ LACK /G+ROU? : • , 1 8 , 55 . 0 , E) 1450 

CALL REALNO (SU CAL L (J ) , 1 , • A3 UT ' . ' ABUT • ) 1460 

CALL RLMESS ( ' % • , 1 , • ABUT ’ , ' A BUT * ) 1470 

GO TO 3 00 14 80 

310 CALL RLMESS (' W+HITE /G+ROUP ; • , 1 3 , 55 . 0 , D) 1490 

CALL REALNO SR ALL (J) , 1 ABUT' ABUT M 1500 

CALL RLMESS (’ ^ ', 1 ABUT ABUT ' ) 1510 

CALL RLMESS (’ W+HITE /G+ROUP : ’ , 1 8 , 55 . 0 , E) 1520 

CALL REALNO (SUCAL L ( J) , 1 , • A BUT • , ' ABUT’ ) 1530 

CALL RLHESS 1 ,’ ABUT ‘ ABUT M 1540 

300 CONTINUE 1550 

CALL ENDPL (0) 1560 

CALL DONEPL 1570 

STOP 1580 

END 1590 
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APPENDIX B 

STEPWISE REGRESSION RESULTS FOR RATINGS 

This appendix gives the results of the sxepwise 
regressions. They are presented in the form of rating 
specific tables. As these tables were construcred directly 
from computer output the variables all have the SAS names 
that were used in the analysis. Therefore, interested 
readers are directed zo the relevant sections of the 
preceding SAS program listings to determine exactly which 
variables are listed. In all cases the variables and their 
coefficient signs correspond to the tables in the body of 
the thesis which lists the stepwise regression results. 
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TABLE XXX 

All SH Stepwise Regression Results 





SH Whites on 


Length 


of 5er 


vice 









?- 


~5^ob>f 


REGRESSION 


8 16236.804 


11.08 


0.0001 


ERROR 


1297 237637.401 






TOTAL 


1305 2538 74. 205 








B VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


26. 67C1644 








AFQTGRPS 


-0. 92C9895 


0.3761 


5.99 


0.0145 


ASVAEMC 


-0. 2688282 


0.1360 


3 .90 


0. 0484 


ASVAEAI 


-C. 1703922 


0.0978 


3.03 


0. 0818 


ASVAECA 


-0. 15 55049 


0.0917 


2.87 


0. 0903 


ENTRPAYG 


1. 7093734 


0.8128 


4.42 


0.0357 


MBTSTAT 1 


5. 6677671 


0.8366 


45.39 


0. 0001 


SCREEN 


0. 2465786 


0.0607 


16.73 


0.0001 


CEPNDNTS 


-3. 88 3276 2 


2. 1708 


3.20 


0. 0739 




SH Whites on GOODGUY 










p 


PEOB>F 


REGRESSION 


4 302 2.5064 


12.22 


0. 0001 


ERROR 


1 30 1 8046 2. 1030 






TOTAL 


1305 83484.6094 








B VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


1.10711196 








ASVAEMK 


0 .08789585 


0.056 1 


2.45 


0. 1174 


ASVABCE 


-0.14122207 


0.0493 


8.18 


0.0043 


CHYEC 


1.36078242 


0.2466 


30.43 


0. 0001 


METSTAT 1 


1 .09421802 


0.4740 


5.33 


0. 0211 




SH Whit 


es on BADGUY 






D7 — STO" 


'OP~SDU~ 




PROB>F 


REGRESSION 


7 4135.7682 


12.74 


0. 0001 


ERROR 


1298 60204.2011 






TCTAL 


1305 64339.9693 








B VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


- 1 .7420443 1 








ASVAENO 


0.0393811 3 


0.0225 


3.04 


0. 0816 


ASVAEWK 


-0.12244891 


0.0420 


8.47 


0.0037 


ASVAECE 


-0.090 38137 


0.0428 


4.45 


0.0352 


CHYEC 


1.20950502 


0.2603 


21 .58 


C. 0001 


ENTRPAYG 


0.90472456 


0.4131 


4.80 


0.0287 


METSTAT 1 


1 .13491198 


0.4115 


7.61 


0. 0059 


SCREEN 


0.08475720 


0.0359 


5.56 


0.0186 




SH Blacks on 


Lenath 


of Sarvice 




Til — 


TTP imj 


7 


7E03>F 


REGRESSION 


5 9203.0966 


1 1 .26 


0. 000 1 


ERROR 


552 90267.1489 






TOTAL 


557 99470.2455 








B VALUE 


STD E 


? 


PROB>F 


INTERCEPT 


32. 7376235 








AFQTGRPS 


-1. 9561139 


0.4563 


18.37 


0. 0001 


ASVABCA 


-0.4280135 


0. 1625 


6.93 


0.0087 


ASVAECC 


0. 31 4053 1 


0.1357 


5.35 


0. 021 1 


MRTSTAT 1 


6. 2469389 


1.1323 


30.43 


0. 000 1 


SCREEN 


0. 21 55208 


0.0872 


6.10 


0. 0138 




SH Blacks on GOODGUY 






DP — SinrO'F'SDTJ"' 


p 


PEOB>F 


REGRESSION 


4 621.0247 


3.34 


0. 0102 


ERROR 


553 25714.4591 






TCTAL 


557 2633 


5.4838 








B VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


1 1. 4082688 








AFQTGRPS 


-0.66 12232 


0. 2428 


7.41 


0.0067 
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ASVAECC 


0. 0992502 


0. 0590 


2.83 


0. 0931 


ME1STAT1 


1. 1435432 


0.6035 


3.59 


0.0586 


SCHEEN 


0. 0855462 


0. 0460 


3.45 


0. 063 9 




SH Blacks on 


BADGUY 






DF — SUE 




p 


PROE>F 


REGEESSION 


4 900.1514 


6.76 


0. 0001 


EER03 


553 1 339 9.6692 






TOTAL 


557 19299.8207 








B VALOE 


STD E 


F 


PROB>F 


INTEECEFT 


1 1. 1 9S8625 








ASVAEAR 


-0. 2490178 


0. 0778 


10.23 


0. 0015 


ASVAECC 


0. 1 040409 


0.0497 


4.38 


0. 0369 


ENTRYAGE 


-0. 1 948975 


0.1156 


2.84 


0. 0926 


CHYEC 


1. 1681247 


0.3167 


13.60 


0. 0002 




SH Others on 


Lenqt 


h of Ser 


vice 




T5T SUET 


OF'FOF 


7 


FROB>F 


REGRESSION 


6 8636.5314 


11.36 


0. 0001 


ERROR 


149 18874.4685 






TOTAL 


155 2751 1.0000 








B VALOE 


STD E 


F 


?ROB>F 


INTEECEFT 


54. 99 3441 8 








ASVABGI 


- 1. 1 711530 


0.3280 


12.74 


0. 0005 


ASVAE AD 


-0. 33C8399 


0. 1989 


2.77 


0.0984 


ASVAEAR 


- 0. 8798285 


0.2952 


8.88 


0. 0034 


ASVAEMC 


-0. 7107025 


0.3736 


3.62 


0. 0591 


ASVAEGS 


1. 1684002 


0.3674 


10.11 


0. 0018 


ENTRYAGE 


0. 6 142226 


0.3009 


4.17 


0. 0430 




SH Othe 


rs on 


GOOD GUY 






DE — sira“ 


C?~SUU' 


7 


PROB>? 


REGRESSION 


5 1050.2840 


5.95 


0. 0001 


ERROR 


150 5293.3056 






TOTAL 


155 634 


3.5897 








B VALUE 


STD E 


F 


PROB>F 


INTEECEFT 


8.6807321 7 








AFQTPCNT 


-0 .0948685 1 


0.0286 


10.93 


0. 0012 


ASVAEEI 


-0.16384685 


0.1001 


2.68 


0. 1039 


ASVAEAI 


-0.28815095 


0.1548 


3.46 


0. 0647 


ASVAECC 


0.38797354 


0. 1097 


12.49 


0.0005 


SCREEN 


0.14637842 


0.0801 


3.33 


0. 0693 




SH Others on 


BADGUY 






DF — 


DT—SUTI- 


~ F 


PROB>F 


REGRESSION 


5 644.5853 


4.39 


0. 0004 


EEROE 


150 3952.8505 






TOTAL 


155 4597.4358 








B VALUE 


STD E 


p 


?EOB>F 


INTEECEFT 


6 .77090112 








AECTFCNT 


-0.161 94490 


0.0584 


7.67 


0.0063 


AFQTGRPS 


1 .3 1562114 


0.7261 


3.28 


0. 0720 


ASVAEAI 


-0.28525384 


0. 1 288 


4.90 


0. 0284 


ASVAECC 


0 .235 15378 


0.0952 


6.09 


0. 0147 


CEYEC 


0.981 5628 1 


0.4234 


5.37 


0. 021 8 
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TABLE XXXI 

All PN Stepwise fiegression Results 



PN 


White Men 


on Lenath 


of Serv 


ice 









F“ 


Pl03>F 


REGRESSION 


9 23114.535 


14.78 


0.000 1 


ERROR 


1 2 16 2 112 47. 11 1 






TOTAL 


1225 234361.647 








B VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


30.6886800 








ASVAEWK 


-0. 39 07675 


0.0918 


1 8. 1 0 


0.0001 


ASVAEAR 


-0. 291410 1 


0. 1277 


5. 20 


0.0227 


ASVAEEI 


0. 28 12350 


0. 1048 


7. 19 


0.0074 


ASVABSI 


-0. 2984347 


0.1175 


6.44 


0.0113 


ASV AECE 


0. 1368159 


C.0849 


2. 59 


0.1076 


ENTHYAGE 


0. 36S4307 


0.1831 


4. 07 


0.0439 


CHYEC 


- 1. 02 1541 1 


0.4358 


5.49 


0.0193 


MRTSTAT1 


7. 66 48584 


0.7969 


92. 49 


0,000 1 


SCREEN 


0. 2812599 


0.0781 


12.96 


0.0003 




PN White 


Men on GOODGUY 






“UT — Sim 




p 


PR03>F 


REGRESSION 


8 2013.1708 


5.33 


0 .0001 


ERROR 


1217 57483.8112 






TCTAL 


1225 59496.9820 








B VALUE 


STD E 


F 


PROB>? 


INTERCEPT 


10.4760049 








ASVAEWK 


-0. 11 22275 


0.0443 


6.41 


0.0115 


ASVAEAR 


-0. 2187153 


0. 0682 


1 0.28 


0 .00 14 


ASVABMC 


0. 09V4479 


0.0637 


2. 34 


0.1267 


ASVABCE 


0. 1244157 


0.0424 


8. 58 


0.0035 


CHYEC 


-0. 304094 1 


0.1929 


2. 48 


0.1154 


MRTSTAT1 


0. 9357586 


0.4190 


4.99 


0.0257 


SCREEN 


0. 16 U2^28 


0.0406 


16.33 


0.0001 


DEPNDNTS 


1.5133497 


0.8221 


3. 39 


0.0659 




PN Whit 


9 Men on 


BADGUY 






U? — SUH 


“D7“-ST0TJ — 


— p 


PROB>F 


REGRESSION 


4 626.2016 


5. 70 


0.0002 


ERROR 


1221 33550.0625 




, 


TOTAL 


1225 34176.2642 








B VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


1 2. 9046054 








APgTGRPS 


-0. 5259052 


0.1598 


10.83 


C.0010 


ASVABEI 


0. 0801835 


0.0373 


4,60 


0.0321 


SCREEN 


0. 1092251 


0. 0268 


16. 54 


0 .0001 


DEPNDNTS 


1. 1 273538 


0.6069 


3.45 


0.0635 


PN 


Black Men 


on Lenqnh 


of Ssrv 


ice 



TDT—SOT — f =T-RO B > F 



REGRESSION 


6 6750.8674 


8.31 


0.000 1 


ERRCR 


276 373 


49.7756 






TCTAL 


282 44100.6431 








B VALUE 


STD E 


F 


?ROB>F 


INTERCEPT 


48. 855681 8 








AFCTPCNT 


-0. 173 1397 


0.0417 


17. 17 


0.0001 


ASVABNO 


-0. 1 3 14724 


0.0864 


2. 31 


0.1295 


ASVAECC 


-0. 3337261 


0. 1623 


4.23 


0.0408 


CHYEC 


-2. 4543496 


0.5735 


18.31 


0.000 1 


MRTSTAT1 


5. 89 5731 3 


1.4492 


16. 54 


0.0001 


SCREEN 


0. 4812862 


0. 1509 


10. 17 


0.0016 




PN Black 


Men on 


GOODGUY 






— Sira 


“n7“‘SlOIF“ 


■p 


PROB>F 


REGRESSION 


7 950. 4489 


3.68 


0.0009 


ERROR 


275 10156.2648 






TOTAL 


282 11106.7137 
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STD S 



INTERCEPT 

ASVAEGI 

ASVAENO 

ASVAEMK 

ASVABEI 

ASVAESI 

ASVABCE 

CHYEC 



B VALUE 
24. 9538629 
0. 31 02658 
-0. 13S8792 
0, 1769179 
0. 1 726309 
-0. 3085155 
-0. 152171 1 
-0. 5306986 



PROB>F 



0 . 1 50 4 
0.0472 
0.1037 
0.0956 
0.1207 
0. 0810 
0.2566 



4 . 26 
8.77 
2.91 
3. 26 
6.53 
3. 52 

4.27 



.0401 

.0033 

.0894 

.0721 

.0112 

.0615 

.0396 





PN Black Men on 


BADGUY 






D 07“ 


7* 


PROB>F 


REGRESSION 


4 390.1637 


5.3i 


0.0C04 


ERROR 


278 5106.6559 






TOTAL 


282 5496.8197 








B VALUE STD E 


? 


PROB>F 


INTERCEPT 


27.3597073 






ASVABSI 


-0.2845607 0.0866 


1 0. 80 


0.0011 


ASVAEAI 


0.2497785 0.0890 


7. 87 


0.0054 


ENTRYAGE 


-0.3561344 0.1018 


12. 22 


0.0006 


ENTRPAYG 


0.5638719 0.3534 


2.54 


0.1118 


PN 


Other Men on Lenath 


of Service 




Dr — SITM" D7“SOU“ 


T 


'"■P'R0B>F 


REGRESSION 


3 3425.1745 


9. 05 


0.0001 


ERROR 


87 10976.1221 






TCTAL 


90 1 440 1.2967 








3 VALUE STD E 


F 


PROB>F 


INTERCEPT 


3 7. 31 72602 






ASVABGI 


- 0. 91 04034 0.3 173 


8. 23 


0.0052 


CHYEC 


1. 8625773 0.8067 


5.33 


0.0233 


DEPNDNTS - 


12.7447520 3.9740 


10. 28 


0.0019 




PN Other Men on GOODGUY 






“D7 — SDM“07“7UD““ 


p 


PROB>F 


REGRESSION 


5 774.4225 


4.99 


0.0005 


ERROR 


85 2636.5664 






TOTAL 


90 3410.9890 








B VALUE STD E 


F 


PROB>F 


INTERCEPT 


0.5207463 1 






AFCTPCNT - 


0.12040574 0.0395 


9.28 


0.0031 


ASVAEAR 


0.30390695 0.2059 


2. 18 


0.1437 


ASVAECC 


0.27792854 0.1166 


5.63 


0.0194 


CHYEC 


1.33872861 0.4117 


10. 57 


0.00 16 


DEPNDNTS - 


4.69898059 1.9942 


5. 55 


0.0208 




PN Other Men on 


BADGUY 






DT — Dim“D7“DDD““ 




PROB>? 


REGRESSION 


4 423.9178 


5. 34 


0.0007 


ERROR 


86 1705.7524 






TCTAI 


90 2129.6703 








B VALUE STD E 


F 


PROB>F 


INTERCEPT 


5.84043938 






AFQIPCNT - 


0.04974738 0.0219 


5. 16 


0.0257 


ASVAESI 


0.37905240 0.1304 


8.44 


0.0047 


CHYEC 


1.08168182 0.3278 


10. 89 


0.00 14 


DEPNDNTS - 


3.355C6552 1.5848 


4. 48 


0.0372 


PN 


White Women on lenat 


h of Ser 


vice 


~ 


Dr C7“-Sga““ 


~ F 


~P1?DB>F 


REGRESSION 


6 7047.9736 


6.31 


0.0001 


ERROR 


472 87924.6777 






TCTAI 


478 94972.6513 








B VALUE STD S 


F 


PROB>F 


INTERCEPT 


95. 21 87469 






ASVAEAD 


-0.3924025 0.1608 


5.95 


0.0151 


ASVAEWK 


-0.3429857 0.1734 


3.91 


0.0485 


ASVAEAR 


-0.4423221 0.2133 


4.30 


0 .0387 


ASVAECE 


0.5541282 0.1689 


10. 75 


0.0011 
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i, 



CHYEC 


-2. 7667U62 


0.8557 


10.45 


0.0013 


ENTBPAYG 


1. 7744842 


1.1070 


2. 57 


0 . 1096 




PN White 


Women on 


GOODGUY 






— UT — ETJ7I 


*LTF“-S^TJ~ 


p 


PROB>F 


REGRESSION 


3 971.0785 


5.62 


0.0010 


ERROR 


475 27338.7335 






TOTAL 


478 28309.8121 








B VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


29. 133869 1 








ASVAEAD 


-0. 2337727 


0.0893 


6.85 


0.0092 


ASVAEUK 


-0. 1576776 


0.0935 


2. 84 


0 .0924 


ASVAE AR 


-0. 26C7376 


0. 1169 


4.97 


0.0262 




PN White 


Women on 


,_BADGUY 








OF 30TJ 




P?.OB>F 


REGRESSION 


5 576.7302 


5. 14 


0.0002 


ERROR 


473 10619.5119 






TOTAL 


478 11196.2421 








B VALUE 


STD E 


F 


PR03>F 


INTERCEPT 


19. 4431146 








ASVAEAD 


-0. 12 12187 


0.0556 


4.75 


0.0299 


ASVAEAR 


-0. 214825 9 


0. 0733 


3. 57 


0.0036 


ASVAESP 


0. 1078479 


0.0632 


2.91 


0.0887 


CHYEC 


0. 4943182 


0. 2339 


4.47 


0.0351 


DEPNDNTS 


-2. 6235293 


0.9765 


7.22 


0.0075 
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TABLE XXXII 

Ail AT Stepwise Regression Results 



AT 


White Men on Lenath 


of Service 








I 


PROB>F 


FEGBiSSION 


12 37330.665 


29.55 


0.0001 


EBHCR 


3327 350277.988 






TOTAL 


3339 387608.653 








B VALUE 


STD E 


F 


PROB>F 


INTEECEPT 


49. 7 3030 64 








AFQTECNT 


0. 08478 10 


0.0278 


9. 24 


0. 0024 


AFQIGEFS 


-0. 81 19479 


0,5030 


2.60 


0, 1066 


ASVAENO 


-0. 0 7886 86 


0. 0243 


10.46 


0. 00 12 


ASVAESP 


-0. 1110189 


0. 0670 


2.74 


0. 0977 


ASVABMK 


-0. 1 183909 


0. 06 8 4 


2.99 


0. 0839 


ASVAEGS 


-0. 1 355446 


0 . OV 1 2 


3.61 


0. 0574 


ASVAECA 


-0. 2048483 


0.0586 


12. 19 


0.0005 


ASVAECE 


0. 12051 16 


0. 0453 


7.07 


0.0079 


CHYEC 


-0.7428230 


0. 2858 


6.75 


0. 0094 


ENTFPAYG 


2. 1286892 


0. 1946 


119.62 


0. 0001 


MRTSTAT1 


4, 6 121976 


0. 3735 


152.47 


0. 000 1 


SCREEN 


0.0957458 


0. 0406 


5.56 


0.0185 




AT White 


Men on GOODGUY 






— TI— STJ^ 


"■DI“?DT3“ 


F 


?ROB>F 


REGRESSION 




456.839 


3.27 


0. 0202 


ERROR 


3336 155283.609 






TOTAL 


3339 155740.449 








3 VALUE 


STD E 


F 


FROB>F 


INTEECEPT 


13. 82631 46 








CHYEC 


0. 3864369 


0. 1663 


5.40 


0. 0202 


ENTEFAYG 


-0. 18 680 22 


0. 1270 


2. 16 


0. 1415 


MRTSIAT1 


0.5036740 


0.2450 


4.23 


0. 0399 




AT White 


Men on . 


BADGUY 






"■DE — ^H“UF~Snir' 


p 


PROB>F 


REGRESSION 


6 4061.6007 


32. 17 


0, 000 1 


ERROR 


3333 701 30. 5848 






TOTAL 


3339 74192.1856 








3 VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


12. 1536983 








AFQTGRPS 


-0. 3680884 


0. 1027 


12.82 


0. 0003 


ENTEYAGE 


0. 0849608 


0. 0440 


3.71 


0. 054 1 


CHYEC 


0. 40634 58 


0. 1381 


8.65 


0.0033 


ENTBPA YG 


-0. 9321898 


0.0862 


1 16.76 


0. 000 1 


KRTSTAT1 


-0. 4 8 575 06 


0. 1669 


8.47 


0.0036 


SCREEN 


0. 0891893 


0.0183 


23.64 


0.000 1 


AT 


Black Men on Lenath 


Of Sarv 


ice 


“ “ 


-DT — 3UM 




f' 


■PROB>F 


REGRESSION 


5 3777.9917 


7.66 


0. 000 1 


ERRCR 


167 16480.0660 






TOTAL 


172 20258.0578 








B VALUE 


STD S 


F 


PROB>F 


INTERCEPT 


76. 0 3738 93 








ASVAEGS 


-0. 6 7299 70 


0.2328 


3.35 


0. 0044 


ASVABSI 


-0.4349189 


0. 2312 


3.54 


0.06 17 


ASVAECA 


0. 34281 55 


0. 1777 


3.72 


0. 0555 


CHYEC 


-1 . 7461861 


0.7264 


5.78 


0.0173 


MRTSTAT1 


4.5120091 


1 . 5433 


8.55 


0. 0039 




AT Black 


Men on GOODGUY 






— XT — -SUH 




F 


FRCS>F 


REGRESSION 


5 1239.3404 


7.99 


0. 0001 


ERROR 


167 5181.4687 






TOTAL 


172 6420.8092 








B VALUE 


STD E 


F 


PROB>F 
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INTEHCEFT 


47. 2311662 








AFCIFCNT 


0. 2447246 


0.0711 


11.82 


0. 0007 


AFQTGRFS 


-4. 9159979 


1.2330 


15.89 


0. 0001 


ASVAEGS 


-0. 2445383 


0. 1597 


2.34 


0. 1277 


ASVAECA 


0. 1803334 


0. 1012 


3. 17 


0.0768 


CHYEC 


-1 .0599272 


0.4 173 


6.45 


0. 0120 




AT Black 


Men on BADGUY 






“DT — •5UTI~n7”SDT] 




?ROB>F 


REGRESSION 


6 461.4027 


5.82 


0.000 1 


ERRCB 


166 2191.7764 






TOTAL 


172 2653.1791 








B VALUE 


STD S 


F 


PROB>F 


INTERCEPT 


29. 56165 65 








AFQTFCNT 


0. 1 124665 


0.0452 


6.17 


0. 0140 


AFQTGRFS 


-3. 0880771 


0.7941 


15.12 


0.000 1 


ASVAEAR 


0. 3320927 


0. 1154 


8.28 


0. 0045 


ASVABMK 


-0. 1 282669 


0. 0869 


2. IS 


0. 1421 


ASVAEAI 


0. 1 147313 


0. 06 18 


3.44 


0. 0653 


ENTRFA YG 


-0.6578062 


0.3131 


4.4 1 


0.0372 


AT 


Other Men on Length 


of Ssrv 


ic e 




D? — 3TJIT*EJ7~S-gT] — 




■?ROB>F 


REGRESSION 


11 5054.3481 


5.96 


0.000 1 


ERROR 


S8 7557.6518 






TOTAL 


109 12612.0000 








B VALUE 


STD S 


F 


PROB>F 


INTERCEPT 


-4. 67799655 








ASVAEEI 


0. 60422952 


0. 2241 


7. 27 


0. 0083 


ASVAEAI 


-0. 99 876644 


0. 2561 


15.21 


0.0002 


ASVAECM 


0. 77440682 


0. 1924 


16. 20 


0. 0001 


ENTRYAGE 


1.40536754 


0. 4478 


9.85 


0.0022 


SCREEN 


0.71935965 


0.1641 


19.22 


0. 0001 




AT Other 


Men on GOODGUY 






-~11 — •SiJH 




” F 


FROB>F 


REGRESSION 


10 2295.9445 


6.94 


0.0001 


ERROR 


99 3275.8736 






TOTAL 


109 5571.3181 








3 VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


8. 857501 16 








AFOTPCNT 


-0. 18425571 


0.0504 


13.35 


0. 0004 


ASVAEAD 


0. 51 458563 


0. 1369 


14.11 


0.0003 


ASVAEWK 


0. 86805391 


0. 1648 


27.72 


0. 000 1 


ASVAEEI 


-0. 33035220 


0. 1353 


5.96 


0.0164 


SCREEN 


0. 34213980 


0. 1089 


9. 86 


0.0022 




AT Other 


Men on BADGUY 






~D7“ 


i. 


PROB>F 


REGRESSION 


12 348.2633 


6.55 


0. 000 1 


ERRCB 


SI 1047. 191 1 






TOTAL 


109 1895.4545 








3 VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


13. 4256325 








ASVAEMK 


0.3560198 


0.1186 


9.00 


0. 0034 


ASVAEEI 


-0. 37640 82 


0.0825 


20.77 


0. 000 1 


ASVAEAI 


-0. 2365056 


0. 1077 


4.81 


0.0306 


SCREEN 


0. 1428342 


0. 0606 


5.55 


0.0205 


M-. 


White Women 


on Length 


o f S e r 


vice 




Dr SUfl^F iQU 


T* 


— PFOB>F 


REGRESSION 


4 3820.0507 


5.05 


0.0006 


ERRCR 


235 44438.4450 






TOTAL 


239 48258.4958 








E VALUE 


STD S 


F 


?ROB>F 


INTERCEPT 


39. 2 5074 34 








ASVAEEI 


0. 7791086 


0.2424 


10.33 


0. 0015 


ASVAECM 


0. 3521168 


0. 2423 


2. 1 1 


0. 1476 


ASVAECE 


-0. 57634 99 


0.2557 


5.08 


0.0252 
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k 



i 



I 



MR1STAT1 


-5. 1 232380 


1.7929 


8. 17 


0.0047 




AT White 


Women on GOODGUY 






•DT~-SnH“U7“-S:5T3 — 


“F 


PROB>F 


REGRESSION 


3 


5 45. 1452 


3.93 


0. C092 


ERRCR 


239 11038.3938 






TOTAL 


242 11583.5390 








B VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


12. 9788322 








ASVAEEI 


0. 2686742 


0. 1179 


5.19 


0.0236 


ASVABCM 


0. 23741 58 


0.1197 


3.93 


0. 0485 


ASVAECE 


-0. 3717212 


0. 1260 


8.70 


0.0035 




AT Shite 


Women on 


BADGUY 








"F 


PROE>F 


REGRESSION 


6 


486.3025 


5.22 


0.0001 


ERRCR 


236 3667.6069 






IOTA! 


242 4153. 9C94 








B VALUE 


STD E 


F 


PROB>F 


INTERCEPT 


16. 5036012 








ASVABCE 
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